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Abstract

Many supervised learning problems involve
learning from samples whose labels are cor-
rupted in some way. For example, each label
may be flipped with some constant probability
(learning with label noise), or one may have a
pool of unlabelled samples in lieu of negative
samples (learning from positive and unlabelled
data). This paper uses class-probability estima-
tion to study these and other corruption processes
belonging to the mutually contaminated distribu-
tions framework (Scott et al., 2013), with three
conclusions. First, one can optimise balanced er-
ror and AUC without knowledge of the corrup-
tion parameters. Second, given estimates of the
corruption parameters, one can minimise a range
of classification risks. Third, one can estimate
corruption parameters via a class-probability es-
timator (e.g. kernel logistic regression) trained
solely on corrupted data. Experiments on label
noise tasks corroborate our analysis.

1. Learning from corrupted binary labels

In many practical scenarios involving learning from binary
labels, one observes samples whose labels are corrupted
versions of the actual ground truth. For example, in learn-
ing from class-conditional label noise (CCN learning), the
labels are flipped with some constant probability (Angluin
& Laird, 1988). In positive and unlabelled learning (PU
learning), we have access to some positive samples, but in
lieu of negative samples only have a pool of samples whose
label is unknown (Denis, 1998). More generally, suppose
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there is a notional clean distribution D over instances and
labels. We say a problem involves learning from corrupted
binary labels if we observe training samples drawn from
some corrupted distribution D, such that the observed
labels do not represent those we would observe under D.

A fundamental question is whether one can minimise a
given performance measure with respect to D, given ac-
cess only to samples from D, ... Intuitively, in general
this requires knowledge of the parameters of the corrup-
tion process that determines D..,,. This yields two fur-
ther questions: are there measures for which knowledge of
these corruption parameters is unnecessary, and for other
measures, can we estimate these parameters?

In this paper, we consider corruption problems belonging to
the mutually contaminated distributions framework (Scott
et al., 2013). We then study the above questions through
the lens of class-probability estimation, with three conclu-
sions. First, optimising balanced error (BER) as-is on cor-
rupted data equivalently optimises BER on clean data, and
similarly for the area under the ROC curve (AUC). That
is, these measures can be optimised without knowledge of
the corruption process parameters; further, we present evi-
dence that these are essentially the only measures with this
property. Second, given estimates of the corruption param-
eters, a range of classification measures can be minimised
by thresholding corrupted class-probabilities. Third, under
some assumptions, these corruption parameters may be es-
timated from the range of the corrupted class-probabilities.

For all points above, observe that learning requires only
corrupted data. Further, corrupted class-probability esti-
mation can be seen as treating the observed samples as if
they were uncorrupted. Thus, our analysis gives justifica-
tion (under some assumptions) for this apparent heuristic
in problems such as CCN and PU learning.

While some of our results are known for the special cases
of CCN and PU learning, our interest is in determining to
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what extent they generalise to other label corruption prob-
lems. This is a step towards a unified treatment of these
problems. We now fix notation and formalise the problem.

2. Background and problem setup

Fix an instance space X. We denote by D some distribution
over X x {£1}, with (X,Y) ~ D a pair of random vari-
ables. Any D may be expressed via the class-conditional
distributions (P,Q) = (P(X | Y = 1),P(X | Y = —-1))
and base rate m = P(Y = 1), or equivalently via marginal
distribution M = P(X) and class-probability function
n:x — P(Y = 1| X = z). When referring to these
constituent distributions, we write D as Dp ¢ » or Dy .

2.1. Classifiers, scorers, and risks

A classifier is any function f: X — {£1}. A scorer is any
function s: X — R. Many learning methods (e.g. SVMs)
output a scorer, from which a classifier is formed by thresh-
olding about some ¢ € R. We denote the resulting classifier
by thresh(s,t): x — sign(s(z) —t).

The false positive and false negative rates of a classifier

f are denoted FPR” (f), FNRP(f), and are defined by
P X)y=1 d P X)=-1 tively.

L (FX)=1) and P (F(X) ) respectively
Given a function ¥: [0,1]* — [0, 1], a classification per-

formance measure Classy : {+1}* — [0, 1] assesses the
performance of a classifier f via (Narasimhan et al., 2014)

Classh (f) = W(FPRP(f), FNRP (f), ).

A canonical example is the misclassification error, where
U: (u,v,p) = p-v+ (1 —p)-u. Given a scorer s, we use
Classy (s; t) to refer to Classy, (thresh(s, t)).

The W-classification regret of a classifier f: X — {1} is

regret? (f) = Classh (f) — N xigf{il

, Class® (g).
A loss is any function £: {1} x R — R.. Given a distri-
bution D, the ¢-risk of a scorer s is defined as

L (s) = [ECY, s(X))]- (D

= E
(X,Y)~D
The ¢-regret of a scorer, regret? , s as per the W-regret.

We say / is strictly proper composite (Reid & Williamson,
2010) if argmin, L7 (s) is some strictly monotone trans-
formation 1) of 7, i.e. we can recover class-probabilities
from the optimal prediction via the link function 1. We call
class-probability estimation (CPE) the task of minimising
Equation 1 for some strictly proper composite £.

The conditional Bayes-risk of a strictly proper composite
Cis Lezm = nli(¥(n) + (1 = n)l—1(¥(n). We call

Quantity Clean Corrupted

Joint distribution D Corr(D, a, B, Teorr)
Or DCOI‘r

Class-conditionals P,Q  Peorr, Qcorr

Base rate ™ Tcorr

Class-probability n Neorr

W-optimal threshold th tD

Table 1. Common quantities on clean and corrupted distributions.

£ strongly proper composite with modulus X if L, is A-
strongly concave (Agarwal, 2014). Canonical examples of
such losses are the logistic and exponential loss, as used in
logistic regression and AdaBoost respectively.

2.2. Learning from contaminated distributions

Suppose Dp g, is some “clean” distribution where per-
formance will be assessed. (We do not assume that
D is separable.) In MC learning (Scott et al., 2013),
we observe samples from some corrupted distribution
Corr(D, «, 8, Teorr) over X x {£1}, for some unknown
noise parameters «, 8 € [0,1] with & + 8 < 1; where the
parameters are clear from context, we occasionally refer to
the corrupted distribution as D.o,. The corrupted class-
conditional distributions Peor, Qcorr are

Por=(1—-0a)-P+a-Q

Qcorrzﬁ'P‘i‘(l_ﬂ)'Q, @
and the corrupted base rate 7., in general has no relation
to the clean base rate w. (If & + 8 = 1, then P.orr = Qcorrs
making learning impossible, whereas if & 4+ § > 1, we can
swap Peorr, Qcorr-) Table 1 summarises common quantities
on the clean and corrupted distributions.

From (2), we see that none of P.o.r, Qcorr OF Meorr CON-
tain any information about 7 in general. Thus, estimating
7 from Corr(D, «, 8, Teorr) 18 impossible in general. The
parameters «, 3 are also non-identifiable, but can be esti-
mated under some assumptions on D (Scott et al., 2013).

2.3. Special cases of MC learning

Two special cases of MC learning are notable. In learning
from class-conditional label noise (CCN learning) (An-
gluin & Laird, 1988), positive samples have labels flipped
with probability p,., and negative samples with probability
p—. This can be shown to reduce to MC learning with

Oz=7rc_011rr-(1—7r)~p,,ﬂ:(l—ﬂcorr)_l-w-p+7 3)

and the corrupted base rate mcory = (1—py ) w+p_-(1—).
(See Appendix C for details.)
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In learning from positive and unlabelled data (PU learn-
ing) (Denis, 1998), one has access to unlabelled samples in
lieu of negative samples. There are two subtly different set-
tings: in the case-controlled setting (Ward et al., 2009), the
unlabelled samples are drawn from the marginal distribu-
tion M, corresponding to MC learning with « = 0, 5 = 7,
and 7r¢o,, arbitrary. In the censoring setting (Elkan & Noto,
2008), observations are drawn from D followed by a label
censoring procedure. This is in fact a special of CCN (and
hence MC) learning with p_ = 0.

3. BER and AUC are immune to corruption

We first show that optimising balanced error and AUC on
corrupted data is equivalent to doing so on clean data.
Thus, with a suitably rich function class, one can opti-
mise balanced error and AUC from corrupted data without
knowledge of the corruption process parameters.

3.1. BER minimisation is immune to label corruption

The balanced error (BER) (Brodersen et al., 2010) of a
classifier is simply the mean of the per-class error rates,

FPRP(f) + FNRP( )

BER”(f) = :

This is a popular measure in imbalanced learning problems
(Cheng et al., 2002; Guyon et al., 2004) as it penalises sac-
rificing accuracy on the rare class in favour of accuracy on
the dominant class. The negation of the BER is also known
as the AM (arithmetic mean) metric (Menon et al., 2013).

The BER-optimal classifier thresholds the class-probability
function at the base rate (Menon et al., 2013), so that:

argmin BERP(f) = thresh(n, ) (4)
f:X—{£1}

argmin BERPeorr (f) = thresh(ncorr, Teorr),  (5)
FiXs{£1)

where 7., denotes the corrupted class-probability func-
tion. As Equation 4 depends on 7, it may appear that one
must know 7 to minimise the clean BER from corrupted
data. Surprisingly, the BER-optimal classifiers in Equa-
tions 4 and 5 coincide. This is because of the following
relationship between the clean and corrupted BER.

Proposition 1. Pick any D and Corr(D,«, 3, Tcorr)-
Then, for any classifier f: X — {1},

(1-a—8) BERP(f) + ‘”ﬂ NG

BERDcorr (f) —
and so the minimisers of the two are identical.

Thus, when BER is the desired performance metric, we do
not need to estimate the noise parameters, or the clean

base rate: we can (approximately) optimise the BER on
the corrupted data using estimates %corr, Teorr, from which
we build a classifier thresh(7jcorr, Teorr). Observe that this
approach effectively treats the corrupted samples as if they
were clean, e.g. in a PU learning problem, we treat the un-
labelled samples as negative, and perform CPE as usual.

With a suitably rich function class, surrogate regret bounds
quantify the efficacy of thresholding approximate class-
probability estimates. Suppose we know the corrupted base
rate! Teopr, and suppose that s is a scorer with low ¢-regret
on the corrupted distribution for some proper composite
loss ¢ with link v i.e. 1) ~1(s) is a good estimate Of 7corr.
Then, the classifier resulting from thresholding this scorer
will attain low BER on the clean distribution D.

Proposition 2. Pick any D and Corr(D, «, 3, Teorr ). Let
£ be a strongly proper composite loss with modulus A\ and
link function . Then, for any scorer s: X — R,

7rcorr
regretSpg (f) < fR— \/7 \/regret, e
where f = threSh(Saw(Wcorr)) and C(Trcorr) = (2 :

Tcorr * (1 - ﬂ'corr))il

Thus, good estimates of the corrupted class-probabilities
let us minimise the clean BER. Of course, learning from
corrupted data comes at a price: compared to the regret
bound obtained if we could minimise ¢ on the clean dis-
tribution D, we have an extra penalty of (1 — a — 8)7L.
This matches our intuition that for high-noise regimes (i.e.
a + B = 1), we need more corrupted samples to learn ef-
fectively with respect to the clean distribution; confer van
Rooyen & Williamson (2015) for lower and upper bounds
on sample complexity for a range of corruption problems.

3.2. AUC maximisation is immune to label corruption

Another popular performance measure in imbalanced
learning scenarios is the area under the ROC curve (AUC).
The AUC of a scorer, AUCY (s), is the probability of a ran-
dom positive instance scoring higher than a random nega-
tive instance (Agarwal et al., 2005):

(1560 > 5001+ 51500 = 5]

X~P X/~

We have a counterpart to Proposition 1 by rewriting the
AUC as an average of BER across a range of thresholds
((Flach et al., 2011); see Appendix A.5):

AUCP(s) = g —2-Ex.p[BER”(s;5(X))]. (7)

!Surrogate regret bounds may also be derived for an empiri-
cally chosen threshold (Kotlowski & Dembczynski, 2015).
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Corollary 3. Pick any Dp g and Corr(D, , 3, Tcorm)-
Then, for any scorer s: X — R,

a+p

AUCPeer (5) = 5

(1—a—p)-AUCP(s) +

(®)

Thus, like the BER, optimising the AUC with respect to
the corrupted distribution optimises the AUC with respect
to the clean one. Further, via recent bounds on the AUC-
regret (Agarwal, 2014), we can show that a good corrupted
class-probability estimator will have good clean AUC.

Corollary 4. Pick any D and Corr(D, «, B3, Teorr ). Let £
be a strongly proper composite loss with modulus \. Then,
for every scorer s: X — R,

C(m /
< corr \/7 regretz corr
1—a-— ﬁ

(ﬂ'con : (1

What is special about the BER (and consequently the AUC)
that lets us avoid estimation of the corruption parameters?
To answer this, we more carefully study the structure of
Neorr t0 understand why Equation 4 and 5 coincide, and
whether any other measures have this property.

regretyc(s) <

where C(Teorr) = Teorr))

Relation to existing work For the special case of CCN
learning, Proposition 1 was shown in Blum & Mitchell
(1998, Section 5), and for case-controlled PU learning, in
(Lee & Liu, 2003; Zhang & Lee, 2008). None of these
works established surrogate regret bounds.

4. Corrupted and clean class-probabilities

The equivalence between a specific thresholding of the
clean and corrupted class-probabilities (Equations 4 and 5)
hints at a relationship between the two functions. We now
make this relationship explicit.

Proposition 5. For any Dy, and Corr(D, o, 8, Teorr),

(VZ S x) Tlcorr (ZL’) = T(Oé, 6; T, Tcorry 7’(1')) (9)

where, for ¢: z — 13, T(av, B, T, Tcorr, t) is given by

1—a) =x. 1

Tcorr s 1—t +a
¢<1wcorr'5.1;w.lt +(1— B))' 10

It is evident that 7., is a strictly monotone increasing
transform of 7. This is useful to study classifiers based
on thresholding 7, as per Equation 4. Suppose we want
a classifier of the form thresh(r,¢). The structure of
Neorr Means that this is equivalent to a corrupted classi-
Sfier thresh(neorr, T'(v, B, T, Teorrs t)), Where the function
T (as per Equation 10) tells us how to modify the threshold
t on corrupted data. We now make this precise.

Corollary 6. Pick any Dy, and Corr(D, , 3, Tcorm)-
Then, Vx € X and ¥Vt € [0, 1],

n(x) >t <= Neorr(x) > T, B, T, Teorr, t)
where T' is as defined in Equation 10.

By viewing the minimisation of a general classification
measure in light of the above, we now return to the issue
of why BER can avoid estimating corruption parameters.

Relation to existing work In PU learning, Proposition 5
has been shown in both the case-controlled (McCullagh &
Nelder, 1989, pg. 113), (Phillips et al., 2009; Ward et al.,
2009) and censoring settings (Elkan & Noto, 2008, Lemma
1). In CCN learning, Proposition 5 is used in Natarajan
et al. (2013, Lemma 7). Corollary 6 is implicit in Scott
et al. (2013, Proposition 1), but the explicit form for the
corrupted threshold is useful for subsequent analysis.

5. Classification from corrupted data

Consider the problem of optimising a classification mea-
sure Classy) (f) for some ¥: [0,1]* — [0,1]. For a range
of W, the optimal classifier is f = thresh(n, ) (Koyejo
et al., 2014; Narasimhan et al., 2014), for some optimal
threshold t£. For example, by Equation 4, the BER-
optimal classifier thresholds class-probabilities at the base
rate; other examples of such ¥ are those corresponding to
misclassification error, and the F-score. But by Corollary
6, thresh(n, t§) = thresh(ncorr, t5,, ), where

By Ty Teores 1) (11)

is the corresponding optimal corrupted threshold. Based
on this, we now look at two approaches to minimising
Classg (f). For the purposes of description, we shall as-
sume that o, 8, 7 are known (or can be estimated). We then
study the practically important question of when these ap-
proaches can be applied without knowledge of o, 5, 7

tcorr v = (Oé

5.1. Classification when tZ is known

Suppose that t£ has some closed-form expression; for ex-
ample, for misclassification risk, tq’? = 1/2. Then, there
is a simple strategy for minimising Classg : compute esti-
mates 7corr Of the corrupted class probabilities, and thresh-
old them via tCOrr ¢ computed from Equation 11. Standard
cost-sensitive regret bounds may then be invoked. For con-
creteness, consider the misclassification risk, where plug-

ging in t5 = 1/2 into Equation 10 gives

(1-a)- X +a
p) ©

for ¢: z — z/(1 + z). We have the following.

T eorr
tcorr v — ¢ (1 o

— Tcorr B : l=m
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Proposition 7. Pick any D and Corr(D, «, 8, Teorr ). Let
£ be a strongly proper composite loss with modulus A\ and
link function 1. Then, for any scorer s: X — R,

2
regretprg (f) <7 \/: \ regret, > (s),

where f = thresh(s,y(t2 corr, ) )s tg)rmp is as per Equation
12, and vy is a constant dependmg on a, 3,7, Teorr-

5.2. Classification when tZ is unknown

For some W, t£ does not have a simple closed-form ex-
pression, rendering the above approach inapplicable?. For
example, the optimal threshold for F'-score does not have a
closed form (Koyejo et al., 2014), and is typically com-
puted by a grid search. In such cases, we can make
progress by re-expressing Class{ﬁ (f) as an equivalent mea-
sure Clasz ¢ (f) on the corrupted distribution, and then
tune thresholds on 7jeory to optimise the latter. Here, W,
is not the same as ¥ in general, but rather is the result of
re-expressing the clean false positive and negative rates in
terms of the corrupted ones, as per Scott et al. (2013):

- 1 ) )

Thus, for example, for ¥: (u,v,p) = u, we would have

\Ilcorr: (U,U,p) = 1(i;i)ﬁ : (u - ﬂ) + ﬁ : (’U - a)'

In general, both of the above approaches will require
knowledge of «, 3, m. For the approach in §5.1, tcorr o
may clearly depend on these parameters. For the approach
in §5.2, the corrupted measure V¥, may similarly depend
on these parameters, as in the example of ¥ (u,v,p) = u.
We now provide strong evidence that for both approaches,
BER is essentially the only measure that obviates the need
for estimation of the corruption parameters.

5.3. BER threshold is uniquely corruption-immune

One way of interpreting the immunity of BER is that the
corrupted threshold function (Equation 10) sheds all depen-
dence on «, 8, w when instantiated with a threshold of 7:

(VO[, Ba T, 71-corr) T

Is t: m +— 7 the only threshold whose corrupted counter-
part does not depend on «, B, m? As stated, the answer is
trivially “no”; we can set the corrupted threshold to be any
function of 7.y, and invert Equation 10 to get an equiva-
lent threshold ¢ for 7. However, this ¢ will depend on «, 3,
and it is unreasonable for the performance measure to de-
pend on the exogenous corruption process. Refining the

(Oé, ﬁa T, Tcorr 77) = Tcorr-

Recent work has shown how for F-score, we can employ a
series of thresholds (Parambath et al., 2014); studying this ap-
proach in our framework would be of interest.

question to ask whether 7 is the only threshold independent
of o, 8 such that T" is independent of «, 3, 7, the answer is
“yes”. We can formalise this as follows.

Proposition 8. Pick any V. Then, there exists F': (0,1) —
(0,1) such that Classy) has a unique minimiser of the form
x > sign(eorr (@) — F(7corr)) for every D, Doy, if and
only if U: (u,v,p) — (u+ v)/2 corresponds to the BER.

Thus, for measures other than BER which are uniquely op-
timised by thresholding 7*, we must know one of v, 3, 7 to
find the optimal corrupted threshold. But as it is impossible
in general to estimate m, it will similarly be impossible to
compute this threshold to optimally classify.

While this seems disheartening, two qualifications are in
order. First, in the special cases of CCN and PU learning,
m can be estimated (see §6.2). Second, Proposition 8 is
concerned with immunity to arbitrary corruption, where
«, B, ™ may be chosen independently. But in special cases
where these parameters are tied, other measures may have
a threshold independent of these parameters; e.g., in CCN
learning, the misclassification error threshold is (Natarajan
etal., 2013, Theorem 9)

1—py+p-

tcorr v = 9

13)
So, when p4 = p_, tgm}q, = 1 i.e. for symmetric label
noise, we do not need to know the noise parameters. Ap-
pendix G discusses this issue further.

5.4. BER is uniquely affinely related

Another way of interpreting the immunity of the BER
is that, for ¥: (u,v,p) — (u + v)/2, the correspond-
ing corrupted performance measure V.., is simply an
affine transformation of ¥ (Proposition 6). Thus, for this
measure, Class? g may be minimised without knowing

«, B, m. More generally, we seek W for which there exist
f, g such that the corresponding W, is expressible as

VYeorr(u,v,p) = f(a, B, ) ¥(u,v,p)+g(a, B,7). (14)

While we do not have a general characterisation of all ¥
satisfying Equation 14, we can show that BER is the only
linear combination of the false positive and negative rates
with an affine relationship between ¥ and ¥.,,,. The key
is that (1, 1) is the only noise-agnostic eigenvector of the
row-stochastic matrix implicit in Equation 2.

Proposition 9. The set of U of the form ¥: (u,v,p) —
wi1(p) - u + wa(p) - v where, for every D, Doy, f,
Classy (f) is an affine transformation of Classg = (f) is
{U: (u,v,p) = w(p) - (u+v) | w:[0,1] = R}, corre-
sponding to a scaled version of the BER.

3This rules out degenerate cases such ¥ = 0, where there is a
set of optimal classifiers (i.e. all of them).
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In special cases, other ¥ may have such an affine relation-
ship. In the censoring version of PU learning, Lee & Liu
(2003) gave one example, the product of Precision and Re-
call; Appendix G discusses others.

Relation to existing work Scott (2015, Corollary 1) es-
tablished an analogue of Proposition 7 for CCN learning.
Scott et al. (2013) used the approach in §5.2 of rewriting
clean in terms of corrupted rates to minimise the minimax
risk on D. We are unaware of prior study on conditions
where estimation of corruption parameters is unnecessary.

6. Estimating noise rates from corrupted data

We have seen that given estimates of «, 3,7, a range
of classification measures can be minimised by corrupted
class-probability estimation. We now show that under mild
assumptions on D, corrupted class-probability estimation
lets us estimate «, 3, and in special cases, 7 as well.

6.1. Estimating «, 5 from 7.,

An interesting consequence of Equation 9 is that the range
of Neorr Will be a strict subset of [0, 1] in general. This is be-
cause each instance has a nonzero chance of being assigned
to either the positive or negative corrupted class; thus, one
cannot be sure as to its corrupted label.

The precise range of 7., depends on «a, 3, Teopr, and the
range of 7. We can thus compute «, 5 from the range of
Neorrs With the proviso that we impose the following weak
separability assumption on D:

inf —0ands =1.
inf n(z) = Oan zggn(x) (15)

This does not require D to be separable (i.e. (Vz)n(x) €
{0,1}), but instead stipulates that some instance is “per-
fectly positive”, and another “perfectly negative”. This as-
sumption is equivalent to the “mutually irreducible” condi-
tion of Scott et al. (2013) (see Appendix H).

Equipped with this assumption, and defining

Thmin = inf ncorr(x) and Thmax = SUDP Tcorr (.’L‘),
zeX zeX

we can compute the corruption parameters as follows.

Proposition 10. Pick any Dy, satisfying Equation 15.
Then, for any Corr(D, «, B, Tcorr ),

~ Nmin * (Mmax — Teorr)

" Teorr * (Mmax — Tmin)

(1 = Mmax) - (Teorr = Mmin)
(1 - 7TCOM) : (nmax - 77min).

(16)

8=

The right hand sides above involve quantities that can be
estimated given only corrupted data. Thus, plugging in

estimates of 7in, Jmax, Tcorr iNt0 Equation 16, we obtain
estimates &, B of «, B. (Without the weak separability as-
sumption, the right hand sides would depend on the un-
known minimal and maximal values of 7.)

The formulae for the noise rates simplify in special cases;
e.g., in CCN learning (see Appendix D),

P+ =1 = Nmax and p— = Nmin. 17)

Thus, corrupted class-probability estimation gives a simple
means of estimating noise rates for CCN problems.

6.2. Estimating 7 from 7)., in special cases

Unlike the general case, in both CCN and PU learning, 7
may be estimated. This is because in each case, some in-
formation about 7 is present in (Peopr, Qcorr) OF Teorr- FOr
example, in CCN learning (see Appendix E),

_ Tcorr — Thmin

)

MNmax — "min

while for the case-controlled PU setting,

TrCOI‘I‘

1- Tcorr

1 - 77max

nmax

m =

Estimating m may be of inherent interest beyond its use
in computing classification thresholds, as e.g. in case-
controlled PU learning scenarios, it lets us assess how
prevalent a characteristic is in the underlying population.

6.3. Practical considerations

Equation 16 is an asymptotic identity. In practice, we typ-
ically employ estimates fyin, max computed from a finite
sample. We note several points related to this estimation.

First, it is crucial that one employs a rich model class (e.g.
Gaussian kernel logistic regression, or single-layer neural
network with large number of hidden units). With a mis-
specified model, it is impossible to determine whether the
observed range reflects that of 7o, Or simply arises from
an inability to model 7.... For example, with a linear
logistic regression model fjeorr(z) = o({w,z) + b) ap-
plied to instances from R?, our estimated f),,.x may be
arbitrarily close to 1 regardless of o, 3. This is because
feorr (N - sign(w)) = o(N||w|| +b) = 1as N — occ.

Second, when constructing 7jcorr, one will often have to
choose certain hyper-parameters (e.g. strength of regular-
isation). Motivated by our regret bounds, these can be cho-
sen to yield the best corrupted class-probability estimates
feorr, as measured by some strictly proper loss. Thus, one
can tune parameters by cross-validation on the corrupted
data; clean samples are not required.

Third, for statistical purposes, it is ideal to compute
Nmin, max from a fresh sample not used for constructing
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probability estimates 7j.ory. These range estimates may
even be computed on unlabelled test instances, as they do
not require ground truth labels. (This does not constitute
overfitting to the test set, as the underlying model for 7corr
is learned purely from corrupted training data.)

Fourth, the sample maximum and minimum are clearly sus-
ceptible to outliers. Therefore, it may be preferable to em-
ploy e.g. the 99% and 1% quantiles as a robust alternative.
Alternately, one may perform some form of aggregation
(e.g. the bootstrap) to smooth the estimates.

Finally, to compute a suitable threshold for classification,
noisy estimates of «, 5 may be sufficient. For example,
in CCN learning, we only need the estimated difference
P+ — p— to be comparable to the true difference p; — p_
(by Equation 13). du Plessis et al. (2014) performed such
an analysis for the case-controlled PU learning setting.

Relation to existing work The estimator in Equation 16
may be seen as a generalisation of that proposed by Elkan
& Noto (2008) for the censoring version of PU learning.
For CCN learning, in independent work, Liu & Tao (2014,
Theorem 4) proposed the estimators in Equation 17.

Scott et al. (2013) proposed a means of estimating the noise
parameters, based on a reduction to the problem of mix-
ture proportion estimation. By an interpretation provided
by Blanchard et al. (2010), the noise parameters can be
seen as arising from the derivative of the right hand side of
the optimal ROC curve on Corr(D, «, 8, Teorr). Sander-
son & Scott (2014); Scott (2015) explored a practical es-
timator along these lines. As the optimal ROC curve for
Do, is produced by any strictly monotone transformation
of Ncorrs class-probability estimation is implicit in this ap-
proach, and so our estimator is simply based on a different
perspective. (See Appendix I.) The class-probability esti-
mation perspective shows that a single approach can both
estimate the corruption parameters and be used to classify
optimally for a range of performance measures.

7. Experiments

We now present experiments that aim to validate our anal-
ysis* via three questions. First, can we optimise BER and
AUC from corrupted data without knowledge of the noise
parameters? Second, can we accurately estimate corrup-
tion parameters? Third, can we optimise other classifica-
tion measures using estimates of corruption parameters?

We focus on CCN learning with label flip probabilities
o+, p— € {0,0.1,0.2,0.3,0.4,0.49}; recall that p_ = 0
is the censoring version of PU learning. For this prob-

*Sample scripts are available at http: //users.cecs.anu. edu.
au/~akmenon/papers/corrupted-labels/index.html.

lem, a number of approaches have been proposed to answer
the third question above, e.g. (Stempfel & Ralaivola, 2007;
2009; Natarajan et al., 2013). To our knowledge, all of
these operate in the setting where the noise parameters are
known. It is thus possible to use the noise estimates from
class-probability estimation as inputs to these approaches,
and we expect such a fusion will be beneficial. We leave
such a study for future work, as our aim here is merely to
illustrate that with corrupted class-probability estimation,
we can answer all three questions in the affirmative.

We report results on a range of UCI datasets. For each
dataset, we construct a random 80% — 20% train-test split.
For fixed p, p—, we inject label noise into the training set.
The learner estimates class-probabilities from these noisy
samples, with predictions on the clean test samples used
to estimate 7yin, Jmax if required. We summarise perfor-
mance across 7 independent corruptions of the training set.

Observe that if Dy, can be modelled by a linear scorer,
sothatn:  — o({w,z) + b), then Neorr:  — (1 — py —
p—) - o((w,x) +b) + p_; i.e., a neural network with a
single hidden sigmoidal unit, bias term, and identity output
link is well-specified. Thus, in all experiments, we use as
our base model a neural network with a sigmoidal hidden
layer, trained to minimise squared error’ with /5 regular-
isation. The regularisation parameter for the model was
tuned by cross-validation (on the corrupted data) based on
squared error. We emphasise that both learning and param-
eter tuning is solely on corrupted data.

7.1. Are BER and AUC immune to corruption?

We first assess how effectively we can optimise BER and
AUC from corrupted data without knowledge or estimates
of the noise parameters. For a fixed setting of p4,p_,
and each of 7 = 100 corruption trials, we learn a class-
probability estimator from the corrupted training set. We
use this to predict class-probabilities for instances on the
clean test set. We measure the AUC of the resulting class-
probabilities, as well as the BER resulting from threshold-
ing these probabilities about the corrupted base rate.

Table 2 summarises the results for a selection of datasets
and noise rates py, p—. (Appendix J contains a full set of
results.) We see that in general the BER and AUC in the
noise-free case (p+ = p_ = 0) and in the noisy cases
are commensurate. This is in agreement with our analysis
on the immunity of BER and AUC. For smaller datasets
and higher levels of noise, we see a greater degradation in
performance. This matches our regret bounds (Proposition
2), which indicated a penalty in high-noise regimes.

>Using log-loss requires explicitly constraining the range of
the bias and hidden — output term, else the loss is undefined.
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Figure 1. Violin plots of bias in estimate p4 over 7 = 100 trials on Segment (L), Spambase (M) and MNIST (R).

Dataset Noise 1 - AUC (%)
None 0.00 £ 0.00
segment (p+,p-)=(0.1,0.0)  0.00 £ 0.00
(p4,p—)=(0.1,0.2)  0.02+0.01
(p+,p—)=(0.2,0.4) 0.03+0.01
None 2.49 £ 0.00
spambase  (p4,p_)=(0.1,0.0) 2.67 +0.02
(p+,p—)=(0.1,0.2)  3.01 £ 0.03
(p+,p—)=(0.2,0.4) 491 4+0.09
None 0.92 £ 0.00
mnist (p+,p-)=(0.1,0.00 095+ 0.01
(p4+,p—)=(0.1,0.2) 097 +0.01
(p4,p_)=(0.2,0.4) 1.17£0.02

BER (%) ERRyx (%)  ERRopacie (%)
0.00+0.00  0.00+000  0.00+0.00
0.01 £0.00  0.01+0.00  0.01 «+0.00
0.904+0.08  031+005  0.30+0.05
3244020 0314006 0274006
6.93+0.00  652+000  6.52+0.00
7.10+0.03  688+0.03  6.89+0.03
766 £0.05 751 +005  7.48 +0.05
1052+ 0.13  10.82+031 1026 +0.12
3.63+000  3.63+000  3.63+0.00
3.56 + 0.01 3.55 4 0.01 3.55 +0.01
3.63+0.02 3624002  3.62+0.02
406+ 003 406003  4.05+0.03

Table 2. Mean and standard error (standard deviation scaled by 1/7) of performance measures on UCI datasets injected with random
label noise 7 = 100 times. The case p— = 0 corresponds to the censoring version of PU learning. ERRpmax and ERRracie are the
misclassification errors of the classifiers formed by thresholding using p+, p—, and by the ground-truth p4, p— respectively.

7.2. Can we reliably estimate noise rates?

We now study the viability of learning label flip proba-
bilities p;,p—. As above, we compute corrupted class-
probability estimates, and use these to compute label flip
probability estimates p,, p— as per the approach in §6.

Figure 1 presents violin plots (Hintze & Nelson, 1998) of
the signed errors in the estimate /., for symmetric ground-
truth p4, p—, on three of the UCI datasets. (For plots of
p—, see Appendix J.) These plots show the distribution of
signed errors across the noise trials; concentration about
zero is ideal. For lower noise rates, the estimates are gen-
erally only mildly biased, and possess low mean squared
error. As previously, we see a greater spread in the error
distribution for higher ground-truth noise rates.

7.3. Can other classification measures be minimised?

We finally study the misclassification error® of a classifier
learned from noisy data. As above, we learn a corrupted
class-probability estimator, and compute noise estimates
P+, p— as per §6. We then threshold predictions based on

SWhile BER is more apposite on imbalanced data, we simply
aim to assess the feasibility of minimising misclassification risk.

Equation 13 to form a classifier. We also include the results
of an oracle that has exact knowledge of p, p_, but only
access to the noisy data. The performance of this method
illustrates whether increased classification error is due to
inexact estimates of py, p_, or inexact estimates of 7oy -

Table 2 illustrates that while compared to BER and AUC,
we see slightly higher levels of degradation, in general the
misclassification rate can be effectively minimised even
in high noise regimes. As previously, we find that under
higher levels of ground-truth noise, there is in general a
slight decrease in accuracy. Interestingly, this is so even for
the oracle estimator, again corroborating our regret bounds
which indicate a penalty in high-noise regimes.

In summary, class-probability estimation lets us both esti-
mate the parameters of the contamination process, as well
as minimise a range of classification measures.

8. Conclusion

We have used class-probability estimation to study learn-
ing from corrupted binary labels. In particular, we have
shown that for optimising the balanced error and AUC, the
corruption process may be ignored; given estimates of the
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corruption parameters, several classification measures can
be minimised; and that such estimates may be obtained by
the range of the class-probabilities.

In future work, we aim to study the impact of corruption on
estimation rates of class-probabilities; study ranking risks
beyond the AUC; and study potential extensions of our re-
sults to more general corruption problems.
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Proofs for ‘“Learning from Corrupted Binary Labels via
Class-Probability Estimation”

A. Additional helper results

We collect here some results that are useful for the proofs of results in the main body.

A.1. Basic properties of 7.,

Corollary 11. Pick any Dy, and Corr(D, «, 3, Teorr ). Then, Neory is a strictly monotone increasing transform of 1.

Proof of Corollary 11. Pick any f: R — R, and define the function g : &+ L for a,b,c,d > 0. If ¢ = 0, g is

an affine transformation of f, and since a > 0 it is a strictly monotone increasing transformation of f. If ¢ # 0, we can
rewrite g as

L et
9 c flz)+d
e e f@
B ¢ c-f(x)+d
be

N _ a4
_$|—>C (1—1—0. (:c)er)

a bc — ad
=z —

¢ ac- f(z) +ad’

Since ac > 0, g is a strictly monotone increasing transformation of f when ad > bc.

We now apply this to f(z) = =% 12{:&)’

g = Neorr,» Where from Equation 9,

which is in turn a strictly monotone increasing transformation of 7. Then,

a=(1-a)
b=«
c=p
d=1-8.

Thus, ad — bc = 1 — a — 8, which by our assumption that & + 3 < 1 is positive. Hence 7)., is a strictly monotone
increasing transformation of 7. O

Corollary 12. Pick any Dy, satisfying Equation 15. Then, for every Corr(D, o, 8, Tcorr),

Teorr * O Teorr - (1 — @
Thmin = = and Thmax = = ( )7
1—p p

where p = Teorr - (1 — @) + (1 — Teorr) - B-
Proof of Corollary 12. For the p as defined, it is easy to check that

1_p:77c0rr'a+(1_7rcorr)'(1_6)-

Plug in n(x) = 0 into Equation 9, and we get

Tcorr (Z‘) ~ Tcorr (6%

]- - ncorr(x) 1 — Tcorr . ]- - 67
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which has solution
Tcorr * &

Teorr * O+ (1 — 7Tcorr) : (1 - B) ’
Clearly such an z corresponds to the minimum of 7, and since 7o, is a strictly monotone transformation of 7 by Corollary
11, it must correspond to the minimum of 7c,, as well.

Ncorr (ZL’) -

Similarly, plug in n(z) = 1 into Equation 9, and we get

Tcorr (l’) o Tcorr 1—«

1- Tcorr (-7;) 1—- Tlcorr 6 ’

which has solution
Tcorr * (1 - CM)

Tcorr * (1 - Ol) + (]- - Wcorr) : ﬁ

Tcorr (-7;) -
O

Proposition 13. Let T: [0,1]> — [0,1] be as per Equation 10. Suppose Axy i1y is the set of all distributions on
X x {£1}. The only function t: Ax 41y — [0, 1] for which

(3F: [0,1] = [0,1]) (YD, Deorr) T(x, B, T, Teorr, t(D)) = F(Tcorr)

ist: Dpgn .

Proof of Proposition 13. Let t(D) be some candidate clean threshold function, independent of «, 3, Teorr. For conve-

nience, let {(D) = li(t[() g)) and g(m) = 1==. Recall from Equation 10 that

T(a, B, 7, Teorrs t(D)) Teorr (1-a) g_(7r) -t(D)+«
7

(VD7DCOH) 1- T(CV?ﬁaﬂ—aﬁcorrvt(D)) - 1 — Teorr . B : g(ﬂ—) (D) + (]- - ﬂ) )

We require T'(«, 8, T, Teorr, (D)) to be equal to F'(mor, ) for some function F, or equivalently, to be independent of «, 3, 7
(as well as any other parameters derived from D). Now, as the left hand side of the above equation is a strictly monotone
transformation of T'(«, 8, T, Teorr, (D)), wWe equivalently need the right hand side of the above to be independent of

a, 3, m. As the first term, 7<=~ depends solely on 7corr, We need the second term to be independent of «, 3, 7. Say the

second term equals some function G (Teorr ). Then, we require
(VD, Deorr) (1 = a) - g(m) - ¢(D) + o = G(Teorr) - (B - g() - ¢(D) + (1 = B)).
But then, differentiating this with respect to o, we need
(VD, Deorr) — g(m) - {(D) +1 =0,

meaning that the only possible solution for #(D) is

ort(D) = .

Suppose we require T'(«, 8, T, Teorr, t(D)) to merely be independent of 7, but possibly dependent on «, 8. For simplicity,
suppose ¢ only depends on 7. Then, we equivalently need

(Va, B,m) (1 = a) - g(m) - {(m) + @ = G(7eorr, @, B) - (B - g(7) - 1) + (1 = B))

for some function G. Differentiating with respect to 7, we get that either g(7) - £(7) is a constant (independent of ), or
G(Teorr, @, B) = 1=, The latter can be ruled out by plugging back into the original equation, and so we find that the
admissible threshold functions are
Co-T
{t;W(quR}.

l—7m)+co -7

Clearly ¢y = 1 corresponds to ¢(7) = m, but other thresholds (corresponding to non-standard performance measures) are
also possible in this case, e.g. 11—”7( O
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A.2. Contaminated BER and AUC
Corollary 14. Pick any D and Corr(D, «, B, Tteorr)- Then, for any classifier f: X — {+1},

Argmin BERPer(f) = Argmin BER”(f)
Fi X {£1} Fi X {+1}

and

. regret]15:;}?;}"{r (f)-

o
l—a-p

regretipg (f) =

Proof of Corollary 14. As the corrupted BER is a positive scaling and translation of the clean BER (Equation 6), the
equivalence of minimisers is immediate.

For the regret relation, observe that

regretfpgp (f) = BERP(f) — L BER"(g)
1 BERDcorr (f) 1 3 f BERDcorr ( ) 1
= - —_—— _ ln —_—_— . PR —
1—a—43 2)  ganenl—a—3 975
1
— . BERDcorr . inf BERDcorr
1—a-— 6 ( (f) g: xlil){il} (g)>
1 D
= - -regretp e (f).
O
Corollary 15. For any D and Corr(D, «, B, Teorr ),
Argmin AUCP= (5) = Argmin AUCP ()
s: X—R s: X—R
and
1
D Deorr
regretyya(s) = FR— - regret x &7 ().
Proof of Corollary 15. Building on Corollary 3, this follows analogously to the proof of Corollary 14. O

A.3. Contaminated false positive and negative rates

Proposition 16 ((Scott et al., 2013)). Pick any D and Corr(D, o, B, Tcorr ). Then, for any classifier f: X — {£1},

FPRPe(f) = (1 - 8)- FPRY(f) = 5 -FNR(f) + 5
FNRP< (f) = —a - FPRP(f) + (1 — a) - FNRP(f) + a,

or equivalently,

1

FPRP(f) = T=a"3 (1 — @) - FPRP="(f) + B - FNRPe (f) — B)
FNR”(f) = ﬁ (a0 FPRP<(f) + (1 = B) - FNRP" (f) — a) .

Proof of Proposition 16. This result essentially appears in Scott et al. (2013), but we find it useful to slightly re-express it
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here, and so present a rederivation. Observe that

FPRP=(f)= E [[f(X)=1]]

X~Qcorr

= BPW 50 [[f(X) =1]]

=B+ B [FX) =11+ 1=6)- E [[f(X)=1]]
= 3-TPR”(f) + (1 - B) - FPR"(f)

=B —B-FNR”(f)+ (1) -FPR(f),

and similarly,

FNRP<(f)=_ E [[f(X)=—1]]

X~ Peorr
= E e o) = =1
— (1-a) B, [f() = ~1 +a- E_[If(X) = 1]

=(1- )FNRD(f)+a~TNRD(f)
= (1—a)-FNRP(f) + a — a- FPRP(f).

This gives the first part of the result. For the second part, write the above as

FPRZ<r(f)] _[1=p  —p ] [FPRP(f)]  [8
FNRP=r ()| ~ | —a 1—a| [FNRP(f)| " |a]"

Inverting this matrix equation gives the second part result.

Lemma 17. Pick any D and Corr(D, a, B, Trcorr)- Then, for any classifier f: X — {£1},

mea+(1—m)-p

Digy _ o v@Deore(f. N
ERRP(f) =5 - €87 (fie) - T4 =2,

where

o= Tcorr '7T'Oz+(177'r) ( a))
(b(l_ﬂ—corr 71—(1_ ) ( )B
B 1 .77-(1— p)+p-(1—m)
7= ]_—Oé—ﬁ Tcorr ( TrCOFF)
p:’]‘rcorr-(l—a)‘f'(]-_ﬂcorr)'ﬂ

(b:z'_)l—&-z'

Proof of Lemma 17. From Proposition 16,

T FNRP(f) = -—— 5 ( FPRE (1) 4 (1= §) - ENRP (f) — )
(1) - FPR(f) = 1= - (1~ a) - FPRP“"(£) + B ENRP<(f) = ),
and so
Dip_ T (1=B)+0Q-7)-B Deosr Tat(l-m-1-0a) Deor
BRR(f) = "o 2R PP () + T FPRPw (f) + C,
where ¢ = —matU=m)5

1—a—p
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But a performance measure of the form

b
a- FNRDCOH (f) +b- FPRDcorr (f) = Teorr * _a . FNRDcorr(f) + (1 _ 7Tcorr) . 17 . FPRDCO”(f)
Tcorr — Tcorr
a b
= S — . QS Peorr fie),
<7TCOTT 1- 7Tcorr> ( )
—1
where ¢ = 1_7I:corr ) (# + 1_71;0”) _and
-1 _ ¢ Tcorr é
o)== =
In our case,
_a b
7= Tcorr 1-—- Tcorr
__ Tcorr * (b )
Teorr * (1 TrCOI‘I‘)
Mo (1—21) 1—a—B)+7-(1-B)+(1—m)-B
- Tcorr * (1 - 7Tcorr)
_(A=m-ptm-(1=p)
Tcorr * (1 - 7-‘—Corr)
and
c _ T corr é
l-c B 1 —Teorr @
~ Tcorr 71—‘04+(1*7T)'(1*04)
71_77001"1" 77(1_ﬂ)+<1—ﬂ') ﬁ

A 4. Strongly proper losses

Proposition 18. Pick any Dy . Let £ be a strongly proper composite loss with modulus X. Then, for any s: X — R,

-regret? (s).

> o

[(n(X) = v~} (s(X)))?] <

X~ M

Proof of Proposition 18. An equivalent definition of £ being strongly proper composite with modulus X is (Agarwal, 2014,
Definition 7)

A
2

(Vn, 7 € [0,1]) regrety(n,7) > = - (n — 1),

where regret,(n, ) denotes the conditional regret with respect to loss £, so that

regretlp(s) = XEM [regrete(n(X),w_l(s(X))] .

~

Therefore,

-regret? (s).

> o

[(n(X) = v~} (s(X)))?] <

X~ M
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A.5. Properties of the AUC and BER
We first show the following simple property of the AUC.

Proposition 19. Pick any distribution P over X and scorer s: X — R. Then,

1

XNPIE(,NP [[[S(X) > s(X)] + %[S(X) — S(X/)]]] -1

Proof. Define a distribution D = (P, P, 7) over X x {£1} for some 7 € (0,1). Then,

AUCP (s) = x~PIE<'~P [[[S(X) > s(X)] + %HS(X) = s(X’)]]} .

By the Neyman-Pearson lemma (Clémencon et al., 2008),

Argmin 1 — AUCP (s5) = {¢ o7 | ¢ strictly monotone increasing }.
s: X—R

But for two identical class-conditionals, 7 is just a constant, since

W) n P
1—n(z) 1-m P(z)’

(Vz € X)

or 1) = m. Therefore,

1
D(oy _ Do y_ 1
s:H%Cai{RAUC (s) = AUC™ (7)) = 5

Now consider any other scorer s: X — R. Suppose AUCP (s) < % Then, define the scorer 5:  — —s(x). Clearly,
AUCP(5) = 1 — AUCP(s). Butif AUCP(s) < 1, then AUCP (5) > 1. This contradicts the fact that the maximal
1

achievable AUC is 3. Thus, every scorer must attain AUCP (s) = 5 O

Using the above, we show how the AUC can be seen as the average BER for a specific distribution over classification
thresholds. This is implicit in Flach et al. (2011, Theorems 4, 5), but we show the result here for completeness.

Proposition 20. Pick any Dp g .. Then,

AUCP (s) = g -2- E [BER” (s; s(X))]

_ g _ Q.X’IEQ [BER" (s;5(X))] -

Proof. We use as our starting point the following definition of the AUC (Agarwal et al., 2005):

AUCP(s) = ot |50 > O] + %[s(X) =s(X"]|.

This can be re-expressed as

AUCP(s)= E_[1-FPR"(s:5(X))],

where

/ 1 n o
FPRP (s;t) = XEQ (s(X") >t) + 3 XEDQ (s(X')=1),

which is equivalent to the false positive rate of a randomised classifier that outputs thresh(s,t) when s(z) # ¢, and {+1}
uniformly at random when s(z) = t.
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Further, by Proposition 19,

Dyg.. _ 1 1 - ’
Ep ENRP (sis(X)] = B {[[s(x) > s(X)] + 5[s(X) = s(X)]
_ 1
2
Thus,
FPR”(s;5(X)) + FNRP(s;5(X)) | 1 —AUC”(s) + 3
X~ P 2 N 2 ’
or
3
AUCP (s) = 52 .E, [BER"(s;5(X))] -
Equivalently, we have
D/ _ B D
AUC(s) —X@Q [1—FNR"(s;s(X))]
and by Proposition 19,
D.. _ / Looxn —
(B FPREGsis00) = B [Es(¢) > 00 + 315(X) = s(X]
_ 1
S 2
Thus,
FPRP (s;5(X)) + FNRP (s; 5(X)) 11— AUCP(s) + 4
X~Q 2 B 2 ’
or
Diy_ 3 o D(..
AUC"(s) = 5 2 X@Q [BER" (s;5(X))] .

Observe that the above implies a special property of the BER.
Corollary 21. Pick any Dp g » and scorer s: X — R. Then,

E, [BER"(s;5(X))] = X@@ [BER"(s;5(X))] -

B. Proofs of results in main body

We now present proofs of all results in the main body.

B.1. BER and AUC are immune to corruption

Proof of Proposition 1. Recalling from Proposition 16 that for any classifier f: X — {£1},

1

FPRP(f) = -—— R ((1 = @) - FPRP=(f) + B- FNRPe=(f) — B)
FNR”(f) = — ; =5 (a- FPRPe (f) + (1 — B) - FNRP* (f) — o),

the result follows immediately by definition of the BER as the mean of the false positive and negative rates.
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Proof of Proposition 2. Define feore: © + 1~ (s(x)). For some fixed ¢ € (0,1), let f = thresh(s,(c)) =
thresh(fcorr, ¢). By Menon et al. (2013, Lemma 4),

1/r
rearetBi (1) < min (B [ (%)~ on(X01])

where regretgé“zfg} (f) denotes the regret with respect to the cost-sensitive loss with parameter c,

CS(f;¢) =m- (1 —¢)-FNRP(f) + (1 — ) - c- FPRP ().

The BER of f with respect to distribution D, can be viewed as a scaled version cost-sensitive loss with cost parameter

C = Tcorr-

1
BERP=" (f) = - CS(f; Teorr)-
(f) 2 Teorr (1 - 7Tcorr) (f )
So, by Corollary 14,
regretgen(f) = T =5 regretg i (f)
1 1 D
= . . = corr
[ R S — S CR
1 1 1/r
: N i E corr X - Acorr X " .
< e i (B Do)~ e (OF)

If £ is strongly proper composite with modulus A, then by Proposition 18,

\/ ok Ue0re (X) = Theorr (X))*] < ﬂ : \/m .

But the left hand side corresponds to the case of 7 = 2 in the above bound, meaning

C Tcorr 2 .
regretSpg (f) < ﬁ . \/: \/regret, o (s).

Proof of Corollary 3. Using the results of Appendix A.5, we have

AUCPer(s) =5 =2+ E  [BER"“"(s15(X))]
=52 E % +(1—a-p8)- (BERD(S; s(X)) — ;)]

—(@+B)—2-(1—a-p)-_ E [BER"”(s;s(X))]

~Peorr
+(1l-a—-p)—-2-1-a-0)- ((1 —a) E [BER” (s;s(X))] + o - X@Q [BER"(s; s(X))]>

+t(l-a-p)-2-(1-a=p) E [BER" (s;5(X))]

Flma— )+ (1 —a— ) AUCP(s) 2 -(1—a )

NI N =N = N oW NDw N w

+(1—a-p)- <AUCD(S)—;).
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Proof of Corollary 4. From Corollary 15, we know that

1
regret?;c(s) = FR— - regret e (s).

Now apply Agarwal (2014, Theorem 13) to the right hand side. O

B.2. The corrupted class-probabilities

Proof of Proposition 5. Let p, q denotes the densities of P, ), and pcorr, Georr the densities of Peoyy, Qcorr- By the definition
of conditional probability, we have

pa) l-m )

q(x) ™ 1-n@)

and, on the corrupted distribution,
Neorr (T) __ Teorr Peorr ()

]- - ncorr (QC) ]- — Tcorr qcorr(x) .

Thus, from Equation 2,

J— . (
(V2 € X) = Neore () 1= Teorr B-p() + (1 - B) - q(x)
(

ncorr(w) Teorr (1 — Oé) .
)

7TCOI'I'

. (
1_7-‘-001rr ﬁ&—k(l—ﬁ)

q(z)
_ Tcorr . (1 —a liTﬂ— ’ 12(:()95) ta
L= Teore §- 12 (00 4 (1 )

O

Proof of Corollary 6. This follows from the fact that 7.,,, is a strictly monotone increasing transformation of 7 (Corollary
11), and plugging in n(z) = ¢ into Equation 9. O

B.3. Classification from corrupted data

Proof of Proposition 7. Define feorr: @ — 1~ 1(s(x)), and let f = thresh(ﬁcorr,tg)rr’q,). Now, recall from Lemma 17
that
mea+(1—m)-p

D _ Deorr ( £.
BRRP(f) = 08P (fre) = =5 =7

where the cost parameter ¢ = t2 . Thus,

regretfnp (f) = 7 - regretgyr ().

The rest of the proof proceeds identically to that of Proposition 2. O

Proof of Proposition 8. ( <= ). For ¥ corresponding to the BER, we know from Proposition 1 that this holds for the
identity function F': Teor — Teorr-

(= ). Suppose V¥ satisfies the desired statement. Since ¥ has a unique minimiser which is a thresholding of 7o, and
since 1 and 7)qop; are strict monotone transformations of each other, we can conclude that for every D, ¥ has a unique
minimiser of the form sign(n(z) — t2) for some tL. By Corollary 6, we have that

(VDa DCOH) (V.Z‘ € :X:) Sign(ﬁ(x) - tg) = Sign(ncorr (1') - T(Oz, B, T, Teorr, tg))
Thus, by assumption on the minimiser of W,

<3F> (VD, Dcorr) (Vm S x) Sign(ncorr (:E) - T(a, B, T, Teorr tg)) = Sign(ncorr(aj) - F(ﬂ-corr))~
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Thus, it must be true that
(HF) (VD7 DCOYF) F(’R—COI‘I‘) - T(a7 ﬁ? 7T7 TrCOI‘I" tg)'

Now, by Proposition 13, we must have that t£ = 7. But this corresponds to the unique optimal threshold for the BER.
Hence, ¥ must correspond to the BER. O

Proof of Proposition 9. Given some w: [0,1] — Ri, we restrict attention to functions of the form’

Vi (u,0) > (i) 2] ).

with corresponding performance measures of the form

Classy, (f) = w1 (m) - FPRP(f) + wa(w) - FNRP(f).

We are interested in admissible weights w, for which the performance measures on the clean and corrupted distributions
are some affine transformation on each other:

W = {w: [0,1] = R2 | (VD) (Yo, B, Teor:) (3a,b € R) (Vf) Classy (f) = a - Classp= (f) + b}
={w:[0,1] — Ri | (VD) (Va, B, Teorr)(Fa, b € R) (Vf) (w(m), ) = a - (w(7eorr), T) + b},
(f

FPRP(f) _ [FPRPer(f)
D ;and T = D
FNR"(f) FNR "o (f)
D, and the corruption process parameters. What is relevant is that they do not depend on the classifier f, so that for the

purposes of minimising ¥ on D, we can equivalently minimise ¥ on Dy, .

where we let z = { ] Observe that a, b are allowed to depend on the distribution

Recall from Proposition 16 that, for any D, Dy, f,

-1 I

or, in the preceding notation,

T=Ax+c
where
A
—a l—«

[071]. Then, we have

Pick any w € R%
weW <= (VDpg.») (Va, B, Teorr) (3a,b) (Vf) (w(r),z) = a - (w(meorr), Az + ¢) + b.
As this must hold for every choice of oy, it must hold for the case mcorr = T, i.€.
weW = (VDpg.x) (Va,B) (3a,b) (Vf) (w(r),z) = a- (w(n), Az +c) + b.
For any 7 € (0, 1), we can pick (P, Q) such that D is separable. For a separable D, we can pick a classifier so as to attain

any combination of false-positive and negative rates (possibly by allowing for randomised classifiers). For x = [O O],
we see that b = —a - (w(7), ¢). So,

weW = (V1) Vo, B) (3a) (Vz € [0,1)%) (w(n),z) = a- (ATw(n), x)
= (V) (Yo, ) (3a) (Vz € [0,1]?) <<61LI - AT) w(w),x> =0.

"We assume here for simplicity that the performance measure is such that ¥(0,0,p) = 0; adding any constant to ¥ will trivially
leave the following unchanged.
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As this must hold for every z € [0, 1]2, this is satisfiable iff the first term is zero, i.e.
1
weW = (V1) (Va, B) (3a) ATw(n) = = Tw(r).
a

This is possible only if w(7) is some scaling of an eigenvector of AT, or is in the nullspace of A”. But

_1=-8 -«
=[50

which is a scaled row-stochastic matrix. Since o + 8 # 1, it is invertible and hence has empty nullspace. Its eigenvectors

are [ﬂ and {_ 31 /a} . The latter depends on «, 3, which is not possible since w does not depend on these parameters. So,

wc {w:7m—> Bgﬂ A [0,1] —>R}.

The above is in fact an equality. Pick any w: 7 — [A(m) A(7)] " Then, for any D, Deory, and classifier £,

ot o) =g ([

= Alme) (47 [[] ) At ([}] )
— Alman) (== ) (|1 )+ Ao ([ ] )

00 [ [

=a-(w(n),z)+b

for appropriate a, b, so that w € W. Thus,

_ Ay
W= {w. T |:)\(7T):| | A:[0,1] —>R}.
These correspond to the performance measures
Class], (f) = A(m) - (FPRP(f) + FNR”(f)) = 2A(x) - BER”(f),

meaning that the set of admissible functionals is the set of scalings and translations of balanced error. O

B.4. Learning noise rates

Proof of Proposition 10. From Corollary 12,
Teorr * O
Teorr * @+ (1 = Teorr) - (1 — B)
- Tcorr * (1 - Oé)
e ane - (L= @)+ (1~ Teors) B

MNmin =

Rearranging,

Tcorr * (1 - nmin) s+ (1 - 7rcorr) * Tlmin * 6 = (1 - 7Tcorr) * Tlmin
Tcorr * (1 - nmax) ca+ (1 - 7Tc0rr) “Mmax * B = Teorr - (1 - nmax)-

In matrix form,

1-— 7Tcorr) * TImin
Ao 2|
|:5:| |:7Tcorr : (1 - 77max)
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where

A _ |:7Tc0rr : (1 - nmin) (1 - ﬂ'corr) : nmin:|

Tecorr * (1 - nmax) (1 - ’/Tcorr) * Mmax

— 11— TImin TImin . Tcorr 0
1 - 77rnax nmax 0 1 — Tcorr '

It is apparent that

:| . 1 . |: TImax —TImin :|
0 (1- 7Tcorr)71 Tmax — Tlmin —(1 = Mmax) 1= Nmin
Hence,

o _ -1 (1 - 7Tc0rr) * Mlmin
|:6:| - A |:7rcorr : (]- - nmax):|

1 -7'('_1 0 1 . [ Tmax —Tmin :| . |:(1 _Wcorr) 'nmin:|

- - . corr
Tmax = Thmin [ 0 (1 - 7"-corr)il_ _—(1 - nmax) 1 = Nmin Tcorr * (1 - nmax)
_ ; . -7Tc_olrr 0 | . [ (1 - 71-corr) * Nlmax * lmin — 7Tcorr * T/min * (1 - nmax)
Thmax — Mlmin [ 0 (1 - 7TCOM)_l_ __(1 - 71-corr) * Thmin - (1 - nmax) + Teorr - (1 - nmin) . (1 - nmax)
— ; . _ﬂ-cio}rr 0 | . [ Tlmin * (nmax - Wcorr)
Mmax — Tlmin | 0 (1 - 7Tcorr)_l_ _(1 - 77max) . (Wcorr - nmin) '

Thus,

o — Tmin - (nmax - 7"'corr)

Tcorr * (nmax - ﬁmin)
(1 - nmax) : (7Tcorr - nmin)
(1 - 71-corr) : (nmax - nmin).

8=
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Additional Discussion for “Learning from Corrupted Binary
Labels via Class-Probability Estimation”

C. Derivation of special cases of MC learning

We now show the precise settings of «, 3, Tcopy that recover CCN and PU learning as special cases of MC learning.

C.1. CCN learning

The problem of learning with class-conditional label noise is the following (Blum & Mitchell, 1998; Natarajan et al., 2013).
We imagine drawing (X,Y) ~ D. The instance X is unchanged: however, the label is altered such that positive samples
have labels flipped with probability p,, while negative samples have labels flipped with probability p_. We will refer
to the resulting distribution by CCN(D, p,, p_). It is apparent that the noise process leaves the marginal distribution of
instances, M, unchanged. However, all other quantities are distinct from their counterparts in D. From the definition of
CCN learning, the form of the class-probability function is apparent. This result appears in the proof of Natarajan et al.
(2013, Lemma 7).

Proposition 22. Pick any Dp ¢ . Denote the class-probability function of CCN(D, p,., p—) by
Neorr & — P(Z =1|X = x).
Then,
(Vo € X) Neorr(x) = (1 = p1 — p-) - n(x) + p—. (18)

Proof of Proposition 22. Let (X,Y) denote random variables distributed according to D. Let Z denote the noisy label. By
definition of the noise process,
Ve eX)P(Z=1X=2)=PZ=1Y=1)-PY=1X=2)+P(Z=1]Y=-1)-P(Y = -1|X==x)
=1 =py)-nx) +p-- (1 -n2))
=1 =pr—p-) n=)+p-.

O
From this, one can also relate the base rate 7o, to the noise parameters p, p—.
Corollary 23. Pick any Dp g . Then, CCN(D, p, p_) has base rate
Teorr =T+ (1= pp — p—) + p—.
Proof of Corollary 23. Take the expectation of Equation 18 over X ~ M, and use the fact that Ex. s [n(X)] = =. O

Now observe that

M () - Neore ()
M (z) (E(l —p+—p-) (@) +p-)
T (1= pp —p-)+p-
M(z)- (1= pg —p-) -n(x) + M(z) - p—
T (L= pp —p-) +p-

T (I—py—p) - Pla)+m-p_-Pla)+(1-7) p_-Qx)
T (L—py—p-)+p-
_m(=py—p)tmep
R T Fe

(Vo € X) Peorr(x) =

(I—m)-p- .
T (1= py —p-)+p-

Q(x)7
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Quantity CCN Learning

P(z=1) m (1—=py—p-)+p-

Peorr 1-a)-P+a-Q
Qcorr BP+(1_ﬁ)Q
Mcorr M

ncorr(fﬂ) (1 — P+ — p_) . 7](1-) +p_

Table 3. Summary of marginal and condition densities for CCN learning. Here, o, 3 are as defined in Equation 19.

so that the noisy class-conditional is a mixture of the clean class-conditionals. A similar calculation for (.., reveals that
the distribution CCN(D, p4, p—) is, unsurprisingly, a special case of an MC learning distribution, with noise parameters

o (L—m)-p-

T (L=py)+ (L —m) p- (19)
_ TP+

I N

That is,
CCN(D»ervp*) = COI‘I"(D,Ck,ﬁ,’/T ’ (1 — P+ — p*) + p*)'

Table 3 summarises some properties of this distribution.

C.2. PU learning
There are two variants of the PU learning problem, both of which are special cases of MC learning.

In case-controlled PU learning (Ward et al., 2009), we see samples from a distribution PU¢age (D, Teorr ), for some base
rate meorr € (0,1). Here, positive instances are drawn from the true class-conditional P, and unlabelled instances are
drawn from the true marginal M. The base rate m.o,, specifies the fraction of positive to unlabelled samples, which is in
general unrelated to the clean base rate 7. Since our observed samples have class-conditionals (P, M), drawn with base
rate 7, it is evident that

PUcase(D, Teorr) = Corr(D, 0, 7, Teorr)-

The class-probability function may thus be written as
Tcorr * 77(55)

(U (1 - 71-corr) + Teorr * n(l‘)

— o (log(n(x)) + 0 (Teors) — log7) ,

(Vx € X) Neore (z) =

where o: 2 — 1/(1 4 exp(—=x)) is the sigmoid function.

In censored PU learning (Denis, 1998; Lee & Liu, 2003; Elkan & Noto, 2008), we see samples from a distribution
PUcen (D, ¢), for some censoring parameter ¢ € (0, 1). Here, positive instances are drawn from the true class-conditional
P, while unlabelled distances are drawn from a distribution defined by a censoring process, wherein one (conceptually)
draws a sample from the true D, but then conceals the labels of any negative samples with certainty, and conceals the label
of an positive sample with probability 1 — c. The censoring process may be understood as a special case of CCN learning,
where there is no noise on the negatives (i.e. no negative is accidentally labelled as positive), but there is noise rate 1 — ¢
on the positives (so that some positives are accidentally labelled as negative). That is,

PUcen (D,¢) = CCN (D, 1 —¢,0)
= Corr (D,O7 w,c . 7r> .

l—c-7m
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Quantity Case controlled Censoring

P(Z=1) mcon c-m

Feorr P P

Qe M e P i@
Meorr p-P+(1—-p)-Q M

Neorr (T) o(log(n(x)) + o~ (Teore) — logm) ¢ n(x)

Table 4. Summary of marginal and condition densities for PUcase (D, Teorr) and PUcen (D, ¢). Here, p = Teorr - (1 — ) + 7.

The connection to CCN learning means that, for example,

(Vl‘ S :X:) ncorr(x) =cC- 77(13)

We see that both settings are special cases of MC learning where the positive class contamination rate « = 0. However, the
censoring setting involves a choice of corrupted base rate that depends on the noise parameter 5. (This is just a consequence
of this setting being a special case of CCN learning.) Interestingly, the case controlled setting is not a special case of CCN
learning in general, because it involves an arbitrary corrupted base rate mceopy.

Table 4 summarises the properties of the distributions for each setting.

D. Estimates for noise rates special cases

We have seen how corruption parameters can be estimated in general. We now see how these simplify for the special cases
discussed earlier. While these all can be derived directly from Equation 16, it is simpler (and illustrative) to build on our
earlier expressions for 7., in each case.

D.1. CCN learning

Recall that
Neorr = T > (1 - P+ — p—) ' 77(37) +p-.

Thus, any « for which n(z) = 0 will have neor () = p—, and if n(z) = 1, Neorr(x) = 1 — p4. Since these correspond to
the minimum and maximum of 7, and thus 7., We have

P+ = 1-— MNmax and P— = Nmin-

D.2. PU learning

In PU learning, we know that « = 0. Therefore, we only need an estimate for the contamination rate 5. In the case-
controlled setting, recall that S = 7. But we have

n o Tcorr
e Tcorr + (1 - ﬂ-COI‘I‘) -
- Tcorr
Teorr + (1 - ’/Tcorr) : B
which may be inverted to give
B _ Tcorr . 1- Tlmax )

1— Teorr TImax

In the censoring setting, building on the result for CCN learning,

1—021—77ma>c7



Learning from Corrupted Binary Labels via Class-Probability Estimation

or
C = Mmax-

This is precisely one of the estimators proposed by Elkan & Noto (2008).

E. Estimates for 7 in special cases

We show how 7 can be estimated in each of the special cases discussed earlier.

E.1. CCN learning

In the CCN learning scenario, we have

_ Tecorr — P—

S l—pp—p

That is, the base rate contains information about 7, unlike the general MC learning problem. Using the estimates for p, p_
from earlier, we can thus estimate 7 from 7o, as

s

o Tcorr — Tlmin

Thmax — "lmin

E.2. PU learning

In the case-controlled scenario, we have o« = 0 and 5 = 7. Therefore, estimating 3 is equivalent to estimating 7. Recalling
our earlier estimate for (3, we have

Tcorr 1- TIhmax

71— =
1 — Teorr Thmax

This does not contradict Ward et al. (2009, Proposition 7), which states that 7 is unidentifiable when using linear logistic
regression to model an arbitrary 7 (i.e. when using a misspecified model). This reiterates the importance of our assumption
of a suitably rich function class, as well as the weak separability assumption D.

In the censoring scenario, using the result for CCN learning, we have the following, which is mentioned in Elkan & Noto
(2008, Section 3):

_ ’/Tcorr

77m ax

F. Thresholds for misclassification error in special cases

The optimal corrupted threshold for the misclassification error simplifies in the special cases discussed earlier.

F.1. CCN learning

From the definition of 7)., it is apparent that
Ve e X)n(z) >t <= Neorr(x) > (1 —py —p_)-t+p_.

Setting ¢ = 3,

1 1—py+p_
(Vo € 0)n(@) > 5 < Noonr(@) > p%p.

It is apparent that the only choice of noise rates for which the contaminated threshold is a constant is p = p_, i.e. the
symmetric noise case.

F.2. PU learning
In the case-controlled setting, from the definition of 7., it is apparent that

Tlcorr * t

Teorr * t + (1 - Wcorr) : 7(_.

(Ve e X)n(x) >t <= Neorr(T) >
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: _1
Setting t = 3,

7TCOI‘I‘

1
X - corr ’
(Ve € X)n(z) > 5 = tcons(a) > Teorr + 2+ (1 — Teopr) -

Recall that 7 can be expressed in terms of m¢ory and 7y ax. Plugging this in, we find

1 max
(Vo € X)n(z) > 5 <= o (x) > ﬂm

In general this is not a constant, and we cannot avoid the estimation of 7,ax.

In the censoring setting, plugging in py = 1 — c and p_ = 0 into the CCN formula,

1
(Vo € X)n(z) > 5 &= Neorr (T) > g

It is apparent that we thus always need to estimate the censoring rate in order to optimally threshold. This also follows
from the fact that the problem is a form of asymmetric label noise, which we saw above yields a non-constant corrupted
threshold.

G. Noise immunity in special cases

We study whether in special cases, there are performance measures other than BER that are immune to corruption.

G.1. CCN learning

For CCN learning with arbitrary label noise, as before, we consider a clean threshold function ¢(7) on 7 such that the
corresponding contaminated threshold T'(c«v, 3, 7, Teorr, t(7)) depends only on 7eo,, (i.€. is independent of p,, p_, 7). As
in the general case, the only such threshold is ¢(7) = .

Proposition 24. For CCN learning with arbitrary label noise, the only function t(r) for which T'(c, B, T, Teorr, t(T)) is
independent of p, p—, 7 is t(w) = m, i.e. the optimal threshold for BER.

Proof. From the definition of 7).y, it is apparent that
T(Oé,ﬂ,ﬂ',ﬂ'corr,t) = (1 — P+ — p_) T+ p_.

For noise-immunity, we want the corrupted threshold to be some function of 7., (and thus independent of p, p_, )
when given a clean threshold ¢(7). Recall that 7eor = (1 — py — p—) - ™ + p_ is itself a function of p., p_, 7. So, we are
interested in all choices of clean threshold ¢(7) such that

(Vo p—sm) (1= py —p=) - t(m) + p— = F(1 = py —p-) -7+ p-)
for some function F'.
Plug in 7 = 0 in the above and we get
(Vp+,p-) p— = F(p-).
That is, the only feasible choice of F'is the identity function. Thus,
(Vor,p—m) (L= ps —p-) - t(m) +p— =1 —pp —p-) -7+ p—,

(Ypisp—ym) (1= py = p-) - (t(m) —7) = 0.

Fix any py, p_ such that p; + p_ # 1, and we need

(Vm)t(m) —m = 0.
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In the symmetric label noise case, however, there is a broader class of functions ¢(7) such that the corresponding contami-

nated threshold sheds dependence on py, p_, 7.

Proposition 25. For CCN learning with symmetric label noise, the set of functions t() for which T'(«

is independent of py,p_, T is
{t:m—=1—co) m+eco-(L—7)]|co€]0,1]}.

Proof. Here, we have
T(O‘7677T77Tcorr7t(77)) = (1 - 2p+) . t(ﬂ') + py+
and Teorr = (1 — 2p1) - ™+ po. As before, we want there to exist some function F' such that

(Vot,m) (1 =2p4) - t(m) + p = F((1 = 2p4) -7+ py)
Plug in 7 = 0 as before, and we get
(Vpy) Fpy) = (1 = 2t(0)) - py +£(0).
Therefore, we need
(Vo) (1= 2p2) - t(m) + ps = (1= 26(0)) - (1 = 2p3) - 7+ ps) + £(0)

or
(¥pssm) (1= 204) - ((m) — (1 = 24(0)) - 7 — #(0)) = 0.
As before, pick any py # % and we find

(V) t(m) = (1 — 2¢(0)) - 7 + £(0).

Let ¢ := t(0) and we get
(Vm)t(r) = (1 —co) - m4+co- (1 —m).

Clearly ¢y = 0 corresponds to t(w) = m, as before. However, we can also set ¢y = % and get t(7) =

’ Ba T, Tcorrs t(ﬂ-))

1

5. corresponding

to the optimal threshold for misclassification risk. For other choices of cy we get less obviously interpretable, but still

immune thresholds e.g. t(m) = 2L

G.2. PU learning

O

For case-controlled PU learning, recall that & = 0, while 8 = 7. Thus, there is no restriction per se on the clean threshold
t, which may freely depend on 7 and hence . It turns out that, like the symmetric label noise setting, there are a range of

clean thresholds for which the corresponding contaminated threshold is independent of 7.

Proposition 26. For case-controlled PU learning, the set of functions t() for which T'(c, B, 7, Teorr, (7)) is independent

of wis
{t:m—co-m|coeR—-{0}}.

Proof. In the case-controlled setting, from the definition of 7.y, it is apparent that

Teorr * L
T(« T t)=
( , B, corrs ) Teorr - t + (1 - 7Tcorr) '
- 1

Let T(w, Teorr) = I=Tcorr . ﬁ Recall that 7, is chosen independent of 7 in this setting. Thus, we simply need

Tcorr

(V’ﬂ', 7Tcorr) T(ﬂ-corr» 71—) = F(Trcorr)

for some function F. Since T' decomposes into a product of one function of 7., and another function of 7, we clearly
need the second function to evaluate to a constant. This requires () = ¢ -7 for some constant ¢y # 0. Setting cg = 1, we
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get the BER-optimal threshold ¢(7) = 7. For other choices of the constant, we get thresholds corresponding to functionals
of the form
m-(1—co-7m)-FPRP(f)+ (1 —7)-co -7 FNRP(f).

O

Recall that the censoring setting is a special case of CCN learning with asymmetric label noise. Thus, from the previous
results, we see that the only clean threshold that does not require estimating the censoring parameter is ¢(7) = . As noted
in the body, a qualification is in order, which we now discuss.

G.3. When do performance measure equivalences hold in the censoring setting?

We show that for the purposes of minimising a performance measure on the clean distribution, it is possible to have a
corrupted threshold that depends on the corruption parameters, but that we can nonetheless estimate this threshold without
having to estimate the corruption parameters. We do this by operating in the censoring version of PU learning, which
simplifies a lot of the analysis. Consider

(1-y)?
p-(l-y+1-p) =

U: (u,v,p) — , (20)

so that

o (TPRP(f))?
ClaSb\y(f) = - TPRD(f) 4 (1 _ 7-(-) . FPRD(f) .

The denominator is subtly different from the misclassification risk, and in fact is simply Px. s (f(X) = 1). Lee & Liu
(2003) showed that, in the censoring setting,

Classy (f) = Clasng“”(D’c) (f). (21)

This is apparent since the marginal distributions of instances is unchanged in the censoring setting, so that the denominators
coincide; further, the numerators also coincide in the censoring setting, since P, = P. Of interest is that the left hand
side is independent of c; this implies that the performance measure on the corrupted distribution can be evaluated without
knowledge of the corruption parameters.

Let tI) denote the optimal clean threshold for Classg (f)- Now, we know that the optimal corrupted threshold is

D _ D
tcorr,‘ll =c: t\lla

which clearly depends on the corruption parameter c. Ostensibly, then, thresholding 7..,; requires that we estimate this
parameter. But this is not true: we can simply define

tCDorr,\I/ = atrg[gnli]n ClassEU““(D’c) (thresh(neorr, t)),
€lo,

where the performance measure, as we saw earlier, does not depend on the corruption parameter. While the result of the
minimisation will depend on ¢, performing the minimisation does not require knowledge of this parameter.

In the censoring setting, we can characterise all smooth functions W that satisfy Equation 21. Observe that

PUcen(D,c) . 1—p - 1-p i T
Class (f)=" <1 — C.pFPRD(f) + (1 - c.p) (1 —FNRP(£)), FNRP(f),c ) :

Thus, we need all solutions to the functional equation

1-— 1-—
\Il(ﬁt,y,p):\:[/ P z+|(1-— P Y,y,c-pj,
l—c-p l—c-p

where we will instantiate x = FPRD(f)7 y= TPRD(f)7p =T



Learning from Corrupted Binary Labels via Class-Probability Estimation

For brevity, denote = = f_}’?px + (1 — 11_701;) y. Differentiating the above with respect to ¢, we find
ov ox 0¥
0= —(7 2T )
5 (DUsP) 5o+ o (@,9,p) - p
ov p(1—p)

_ ov , _
= %(%y,p) : m (r—y)+ 879(%%17) - D.

Let ¢ = 1. Then, we need 5 5
L4 p L4

0= — L (e il ..

55 (& Y:P) - (x—y)+ 8p(ﬂc,y,p) p

This can be shown (via MATHEMATICA) to have the solutions of the form

{O: (z,y,p) — fly;(1—p)-z+p-y) | f: R* = R},

i.e. the only possible solutions are functions of TPR” (f) and Px.ps (f(X) = 1). This includes the performance measure
of Equation 20, as expected. The family includes the following scaled version of balanced error,

Classg (f) = (1 — n) - BERP (),

but this does not satisfy the equation as stated, due to the presence of an additional translation term. In general, we need to
solve

s <)1) = a(e) -0 (L FPRO() + (1 1L ) (1= ENRP(7). FNRP (e ) + (o)

which can again be shown (via MATHEMATICA) to have the solutions of the form
{(U: (z,y,p) = p Y O/AO fy,(1—p) z+p-y)— B Q)| f: R? 5 R}.

That is, scaling by 7 is permitted: this is because we can always write ¢ = 7<=, and use this to define a suitable A.

H. Mutually irreducible and weakly separable distributions

Scott et al. (2013) assumed that the clean distribution Dp ¢  had class-conditionals P, () mutually irreducible in the sense
that, if they have densities p, q
p(x) _ . . q(x)

inf —= = inf —<% =
;;IGIDCq x) 2ex p(x)

This is equivalent to our weak separability assumption (Equation 15). By Bayes’ rule,

plz) o« n(z)

N @) ST T

Thus, if 7 € (0,1),

@ 0 = @) =0,
q(z) _ ~ _ _
;ng(x)_O = ;Ielgc(l n(x)) =0 < ilelg)cn( )=1

I. Relating the ROC and class-probability estimators

For brevity, let P =P, Q = Qcorr» and denote the corresponding densities by p, . Scott et al. (2013, Proposition 3)
established the following identities for the noise rates:

_(P.Q)-(1- Q. P)
1—v*(P,Q) v*(Q,P)

5 VQP) (- (PQ)

1—v*(P,Q) - v*(Q,P)’
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where

*(P,Q) = in p(z)
(2.0 = 1

Scott et al. (2013) then proposed to use plugin estimates of v*(P, Q) and v*(Q, P) to estimate «, 3 from a finite sample.

Now, by (Blanchard et al., 2010, 6.2), we can interpret v* (P, Q) as the left-derivative of the optimal ROC curve for (P, Q)
at the right endpoint. By Krzanowski & Hand (2009, pg. 22), the derivative of this optimal ROC curve at the right endpoint
is

(FPRDcorr)—l (1)

Ncorr

_ 1—m
U p, _ corr )
( Q) Tcorr 1-— (FPRUDCZ(:?)_l(l)

Now,
FPRDcorr (t) = ]PXNQ (Ucorr(x) > t)v

Tcorr

and so (FPR2<)~1(1) = p.5,. Thus,

Ncorr

2 1-— T min
v(P,Q) = .

Tcorr 1-— Mmin

Similarly, for v*(Q, P), we have the same as the above except the roles of the two classes are swapped. Thus, we just swap
the base rates and work with 1 — 7oy, giving

*/ P A Tcorr 1_nmax
v (PaQ) = ' .

1 — Teorr Thmax

We then have

1 — Teorr TImin
Tcorr 1-— Mmin
Tcorr — Thmin

N Tcorr * (1 - nmin)

1 -V (P,Q)) =1

)

and
KD A ¥(A D Nmin * (1 — Mmax)
1—v*(P,Q)) - v*(Q, P) =1 — Mmin 2 7 Thnax)
_ "lmax — TImin
Thmax * (1 - nmin)
Thus,

_V@.P) (1 (P.Q))
1_V*(P7Q)'V*(Q7P)
_ V*(Q, p) . Tcorr — Tmin . MNmax

Tcorr Thmax — TJmin
_ (1 - nmax) : (7Tcorr - 7]min)
(1 - 7rcorr) : (nmax - nmin)

)

and similarly for a.. Thus, the two estimators rely on the same identities for the noise rates.

Observe that to estimate the derivative of the right-hand side of the optimal ROC curve, a natural strategy is to produce this
curve first. This optimal ROC curve is produced by a scorer that is any strictly monotone transformation of 7, by the
Neyman-Pearson lemma (Clémencon et al., 2008). Therefore, class-probability estimation is one way by which to use the
ROC-based estimator.
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Additional Experiments for “Learning from Corrupted Binary
Labels via Class-Probability Estimation”

J. Additional experimental results

We present results assessing the quality of our noise estimates, and the performance of the resulting classifier, on a range
of UCI datasets (Table 5). For the MNIST 3v8 data, we perform PCA to reduce the feature space to D = 50 dimensions.

Dataset N D PY=1)
Housing 506 13 0.0692
Car 1,728 8 0.0376
Image 2,086 18 0.5695
Segment 2,310 19 0.1429
Splice 3,190 61  0.2404
Spambase 4,601 57  0.3940
Optdigits 5,620 64  0.0986
Thyroid 7,200 21 0.0231
Pendigits 10,992 16 0.0960
MNIST 3v8 13,966 784 0.4887
Letter 20,000 16  0.0367
Covtype-Binary 38,501 54 0.0713
KDDCup98 191,779 15  0.0507

Table 5. Summary of UCI datasets. Here, /N denotes the total number of samples, and D the dimensionality of the feature space. Many
of these datasets are seen to be imbalanced.

J.1. Results of noise estimation on synthetic data

It is illustrative to study the results of our noise estimator on synthetic data. Following Natarajan et al. (2013) we consider a
linearly separable 2D distribution where instances x = (21, 22) € R? are drawn uniformly from the subset of [0, 1]? that is
the complement of {(z1,z2) € [0,1]? | |z1 —x2| < 0.5}. Further, the class-probability functionis n(z) = [z2 > x1+0.5].
Figure 2 illustrates a draw from this distribution.

We know that the weak (indeed, full) separability assumption holds on the synthetic distribution, so it serves as a suitable
sanity check. We consider the CCN learning setting with label flip probabilities p,, p— € {0,0.1,0.2,0.3,0.4}. Recall
that in CCN learning, our estimators for the label flip probabilities are

P+ =1 —Nmax and p_ = Nyiy.

As previously, we consider a fixed 80% — 20% train—test split of the data. We assess the performance of our noise es-
timators across 7 = 500 corruption trials. We consider draws of N training samples from this distribution, where
N € {500, 1000, 2000,3000}. For each such N, and each random corruption trial, we compute label flip probability
estimates p, p_. For learning, we used a capped sigmoid model of the form 7o : @ — u + v - o({w, x) + b).

To evaluate our noise estimates, we present histograms across all 7 trials, and also consider the mean squared error (MSE)
to the ground truth values. For the histograms, we would like to observe a unimodal distribution that is not badly biased,
with concentration about the mode. Our use of MSE is simply in keeping with prior work on evaluating estimates of
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Figure 2. Synthetic 2D dataset. Blue (red) coloured points indicate positive (negative) examples.
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Figure 3. MSE in estimates of p (L) and p_ (R), synthetic dataset.
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Figure 4. Histogram of estimates for p4 (L) and p— (R) over 7 = 500 trials, synthetic dataset with N = 3000 examples.

corruption parameters, e.g. du Plessis & Sugiyama (2014) in the PU learning setting.

Figure 3 summarises the MSE in the estimates p, o— as the number of training samples N varies, and for various choices
of ground-truth p, p_. We find that for all choices of ground-truth p,, p_, the MSE decreases given more samples. We
also find that for higher noise rates, there is higher MSE given fewer number of samples. In all cases the MSE of the
estimates is low, indicating accurate recovery of the noise rates. Figure 4 shows the histogram of estimates of p, p_ for
the setting p+ = p— = 0.1 and N = 3000. We see that the distribution is unimodal, with concentration about the mode.
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J.2. Violin plots of noise estimates

We present violin plots of the estimates p., o for all datasets and symmetric ground-truth in Figures 5 — 17. We see that
the trend for the two quantities is largely similar. Generally, poor estimation can be attributed to either the dataset having
too few training examples (e.g. Car), and (or) not satisfying the weak separability assumption, as evidenced by a bias in
the estimates even in the noise-free case (e.g. Letter).

With very high noise rate (p+ = p— = 0.49), generally the bias in the estimate is low. This can be attributed to the fact
that in such regimes, it is difficult to learn a discriminative classifier except with a very large number of samples.

We find that on some datasets, while there is concentration of the estimates close to the expected value, there are occa-
sional outliers (e.g. Splice). These can potentially be smoothened out by some form of training set averaging, such as the
bootstrap; we plan to explore this in future work.
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Figure 5. Violin plots of bias in estimate p, p— over 7 = 100 trials on housing. (Note the different axes on the plots.)
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Figure 6. Violin plots of bias in estimate p, p— over 7 = 100 trials on car. (Note the different axes on the plots.)
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Figure 7. Violin plots of bias in estimate p, p— over 7 = 100 trials on image. (Note the different axes on the plots.)
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Figure 8. Violin plots of bias in estimate p, p— over 7 = 100 trials on segment. (Note the different axes on the plots.)
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Figure 9. Violin plots of bias in estimate p, p— over 7 = 100 trials on splice. (Note the different axes on the plots.)
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Figure 12. Violin plots of bias in estimate g, p— over 7 = 100 trials on thyroid. (Note the different axes on the plots.)
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J.3. Classification performance

We present results showing clean test set AUC, BER, and misclassification error for a range of noise settings in Tables 7
—16. (Recall from §7.3 that ERR,x denotes the misclassification error of the classification formed by thresholding based
on the estimated noise rates, while ERRq;4¢je 1S that of the classifier formed by thresholding based on the true noise rates.)
We find that generally, even with inexact estimates of p_, p_, we can attain reasonable classification performance.

Recall that the immunity of AUC and BER does not rely on the weak separability assumption. Therefore, even with
imperfect performance in the noise-free case, we expect only mild degradation in general. Nonetheless, on some datasets
(e.g. housing, car), there is significant degradation in the AUC and BER with moderate to high noise rates. These
are generally accompanied by a corresponding degradation in performance of the oracle classifier. This again indicates
that there is difficulty in accurately estimating the noisy class-conditional. One explanation for these results is that the
required sample size at moderate noise rates is not met by some of the smaller datasets. By contrast, on larger datasets, like
kddcup98, we observe robustness even at high noise rates.



Learning from Corrupted Binary Labels via Class-Probability Estimation

Noise 1-AUC (%) BER (%) ERR,. (%)  ERRoac(%)

None 1448 £0.00 10.94+£0.00 19.80=£0.00 4.95=+0.00
(p+,p-)=1(0.0,0.1) 2623 £0.71 29.99+0.79 1925£096 5.11+0.06
(p+,p-)=1(0.0,0.2) 3391 +1.28 3794+£1.04 3730£1.96 4.95+0.00
(p+,p-)=1(0.0,0.3) 3856+ 145 43.84+£095 4150+1.84 4.96+0.01
(p+,p-)=1(0.0,0.4) 4030 £1.50 4459+0.84 4983 +1.79 4.95+0.00
(p+,p-)=1(0.0,0.49) 4285+ 155 47.14+£086 5584+181 5.00£0.04

(p+,p-)=1(0.1,0.0) 17.04 £0.34 18.69£0.70 16.39£0.25 4.95+0.00
(p+,p-)=1(0.1,0.1) 29.84 £ 120 3345+£1.06 2399+1.63 5.10+£0.06
(p+,p-)=1(0.1,0.2) 36.89 £ 1.35 4040+£1.04 40.71 £2.02 4.95+0.00
(p+,p-)=1(0.1,0.3) 3951+ 140 4474+£093 4353+£1.85 5.15+£0.17
(p+,p-)=1(0.1,0.4) 41.67£1.53 46.56=+0.73 51.38+1.70 4.95+0.00
(p+,p-)=1(0.1,0.49) 4455 £1.57 4786=£0.69 5959+186 5.07=+0.07

(p+,p-)=1(0.2,0.0) 18.88 £0.53 21.46+£0.76 1599 £0.30 4.95+0.00
(p+,p-)=1(0.2,0.1) 33.84+ 132 36.71£1.07 3222+£1.99 5.16+£0.07
(p+,p-)=1(0.2,0.2) 39.50 £ 1.44 4336 £1.01 43.57£1.99 4.95+0.00
(p+,p-)=1(0.2,0.3) 4439 £ 148 4637082 4942+196 4.97+0.02
(p+,p-)=1(0.2,0.4) 44.06 £1.57 4786=£0.76 5472+1.75 4.95+0.00
(p+,p-)=1(0.2,0.49) 46.71 £1.52 4875+£0.73 53.67+192 5294+0.18

(p+,p-)=(0.3,0.00  21.09+£070 2376093 1659+0.62 4.95%0.00
(p+,p—)=(0.3,0.1)  37.38+£1.36 39.89+1.10 3583208 5.14+0.07
(p+,p—)=(0.3,0.2) 4315140 4582+0090 4948+ 1.85 4.95+0.00
(p+,p_)=(0.3,0.3) 4575+ 141 48524067 50.66+ 191 4.95+0.00
(p+,p_)=(0.3,0.4) 4414+ 1.54 4874+060 51224195 5.19+0.14
(p+,p—)=(0.3,0.49)  47.16 £ 1.51 49.46+070 5856+ 1.77 6.05 % 0.46

(p4,p-)=(0.4,0.00 2301093 27.63+101 17.58092 4.96+0.01
(p4,p—)=(0.4,0.1) 4074+ 141 43324101 4283+2.19 5.1440.08
(p+,p—)=(0.4,0.2) 4508+ 1.52 47.03+0.82 47.74+2.00 4.95 %+ 0.00
(p4,p-)=(0.4,0.3)  4873+153 4979+021 52504192 4.95+0.00
(p4,p—)=(0.4,04) 4695+ 151 50.62+028 5510+ 1.83 4.95+0.00
(p4,p—)=(0.4,0.49) 4824+ 163 49454063 53.63+182 11.7841.90

(p+,p-)=1(0.49,0.0) 2544 +£1.10 2994 +£099 1877£129 5.15+£0.10
(p+,p-)=1(0.49,0.1) 4248 £147 4439+£094 4288+2.14 5.04=+£0.04
(p+,p-)=1(0.49,0.2) 4716 £145 4831£0.85 4843+191 4.95+0.00
(p+,p-)=1(0.49,0.3) 49.74 £1.55 49.79£0.21 51.80+193 4.95+0.00
(p+,p-)=1(0.49,0.4) 46.19 £1.53 50.58 £0.37 52.74+2.07 7.73+£1.40
(p+,p-)=1(0.49,0.49) 51.74+£1.60 5024027 5441197 4492+446

Table 6. Mean and standard error (standard deviation scaled by /7) of performance measures on housing injected with random
label noise 7 = 100 times.The case p— = 0 corresponds to the censoring version of PU learning. ERRpax and ERRgpacle are the
misclassification errors of the classifiers formed by thresholding using o+, p—, and by the ground-truth p, p_ respectively.



Learning from Corrupted Binary Labels via Class-Probability Estimation

Noise 1-AUC (%) BER (%) ERR,. (%)  ERRoac(%)

None 0.42 £ 0.00 0.61 + 0.00 1.16 £ 0.00 1.16 = 0.00
(p+,p-)=1(0.0,0.1) 0.87 £ 0.24 873 £0.26 3.34 £ 0.60 2.57 +£0.08
(p+,p-)=1(0.0,0.2) 0.93 +£0.27 10.57 £0.27 3.28 +0.84 2.28 £0.08
(p+,p-)=1(0.0,0.3) 4.22 +0.87 1472 £0.75 13.87+£2.69 2.84+0.13
(p+,p-)=1(0.0,0.4) 1138 £1.39 2330+£1.34 2846+296 3.98+0.15
(p+,p-)=1(0.0,0.49) 1638 £ 1.11 32.02£135 4053+191 4.97£0.08

(p4,p-)=(0.1,0.00  084+016 2.80+032 1904005 1.81+0.04
(p+,p—)=(0.1,0.1) 1174029 9.65+033 435+091 274 +0.08
(p+,p—)=(0.1,0.2)  248+£057 12814069 871199 2.74+0.11
(p4,p-)=(0.1,0.3) 858+ 1.05 2156+ 121 2495+267 4.01+0.14
(p+,p—)=1(0.1,0.4) 18324+ 1.50 3175+ 136 39.19+2.15 5.04 & 0.07
(p4,p-)=(0.1,0.49) 22324133 37294124 44114107 5.22+0.00

(p+,p-)=1(0.2,0.0) 1.26 £ 0.19 3.82 +£0.39 2.11 £0.07 1.97 £ 0.06
(p+,p-)=1(0.2,0.1) 1.75 £ 0.35 11.14 £ 042 6.12+1.28 2.99 £0.10
(p+,p-)=1(0.2,0.2) 5.68 £0.78 20.04 +£1.29 1948 +£233 3.76+0.14
(p+,p-)=1(0.2,0.3) 1926 £197 31.01£143 3636£2.12 4.82+0.09
(p+,p-)=1(0.2,0.4) 2053+ 139 37.52+134 43.18+£147 5.18+£0.05
(p+,p-)=1(0.2,0.49) 2611 +£1.37 4237+£1.12 4759+£1.00 5.224+0.00

(p+,p-)=1(0.3,0.0) 2.15+0.27 5.00 £ 0.37 2.09 £ 0.07 1.90 +£0.05
(p+,p-)=1(0.3,0.1) 4.65 £ 0.62 1478 £0.64 1323 +£1.72 3.82£0.13
(p+,p-)=1(0.3,0.2) 13.72+£1.73 2987+£1.63 30.45=£2.13 4.61=£0.11
(p+,p-)=1(0.3,0.3) 2336+ 1.64 36.79+143 43.75+£1.70 5.19+£0.03
(p+,p-)=1(0.3,0.4) 3120+ 1.83 4184+ 1.13 46.15+£1.15 5.22+0.01
(p+,p-)=1(0.3,0.49) 33.83+1.53 4441+£099 46.68£0.88 5.22+0.00

(p+,p-)=1(0.4,0.0) 293 +0.33 6.21 £0.55 2.49 £0.08 221 £0.07
(p+,p-)=1(0.4,0.1) 8.63 £1.29 2243+ 138 20.05+1.82 4.59+0.10
(p+,p-)=1(0.4,0.2) 2044 £1.77 37.13£149 3881+£171 5.15+0.04
(p+,p-)=1(0.4,0.3) 2742+1.68 40.70£129 4396+136 5.26+£0.03
(p+,p-)=1(0.4,0.4) 3488 +1.82 4390+£1.02 47.76£1.02 542+0.08
(p+,p-)=1(0.4,0.49) 3873+ 1.78 46.73 £0.84 4886+£0.85 5.28+0.04

(p+,p-)=1(0.49,0.0) 2.89 +0.40 5.41 £0.56 3.16 £ 0.10 2.76 £ 0.09
(p+,p-)=1(0.49,0.1) 1513 £1.81 2855+143 29.03+1.58 5.09+0.06
(p+,p-)=1(0.49,0.2) 2636+ 1.75 4094 +£130 4240+£1.56 5.36+£0.07
(p+,p-)=1(0.49,0.3) 38.35+2.04 44.18+£1.09 4799+142 544+£0.11
(p+,p-)=1(0.49,0.4) 4095+ 1.71 47224+0.82 49.22+092 6.42+0.36
(p4+,p-)=1(0.49,0.49) 4508 =184 48.82+0.62 48471087 3554+4.13

Table 7. Mean and standard error (standard deviation scaled by 1/7) of performance measures on car injected with random label noise
7 = 100 times.The case p_ = 0 corresponds to the censoring version of PU learning. ERRpax and ERRracle are the misclassification
errors of the classifiers formed by thresholding using p4, p—, and by the ground-truth p4, p— respectively.



Learning from Corrupted Binary Labels via Class-Probability Estimation

Noise 1-AUC (%) BER (%) ERR,. (%)  ERRoac(%)

None 1147 £0.00 1498 £0.00 13.67£0.00 13.91=£0.00
(p+,p-)=1(0.0,0.1) 11.60 £0.01 1456 £0.03 13.87+£0.04 13.94 £0.03
(p+,p-)=1(0.0,0.2) 11.62+£0.02 1458 £0.03 13.87 £0.04 13.89 £ 0.04
(p+,p-)=1(0.0,0.3) 11.67£0.03 14.55+£0.04 13.84 £0.05 13.84 £0.05
(p+,p-)=1(0.0,0.4) 11.71 £0.03  14.69£0.05 13.98£0.06 13.95=£0.05
(p+,p-)=1(0.0,0.49) 11.86 £ 0.07 14.82£0.09 1424 £0.08 14.18 £0.08

(p+,p-)=1(0.1,0.0) 11.55+£0.01 14.64£0.03 13.81 £0.03 13.85£0.03
(p+,p-)=1(0.1,0.1) 11.64 £0.02 14.61£0.03 1393 £0.04 13.97 £0.05
(p+,p-)=1(0.1,0.2) 11.68 £0.04 14.61£0.05 14.02£0.06 13.93£0.06
(p+,p-)=1(0.1,0.3) 1193 £0.05 14.89+£0.07 1430=£0.07 14.21 £0.07
(p+,p-)=1(0.1,0.4) 1212 £ 0.07 1513 £0.09 14.65+0.10 14.56 £ 0.09
(p+,p-)=1(0.1,0.49) 1270 £0.14 1634 £0.23 1592+£0.25 15.63 £0.21

(p+,p-)=1(0.2,0.0) 11.62 £ 0.02 14.66 £0.03 13.92£0.05 13.97 £0.04
(p+,p-)=1(0.2,0.1) 11.75+£0.05 14.65+0.05 14.06 £0.06 13.98 £ 0.06
(p+,p-)=1(0.2,0.2) 1191 £0.05 14.82+£0.08 14.25+£0.08 14.18 £0.08
(p+,p-)=1(0.2,0.3) 12.13 £ 0.07 15.14£0.09 1483 £0.09 14.74 £0.09
(p+,p-)=1(0.2,0.4) 1295 £ 0.15 16.80+£0.25 16.66 £0.23 16.32£0.22
(p+,p-)=1(0.2,0.49) 1445+ 024 1938+£0.35 19.11 £0.34 18.81 £0.33

(p+,p-)=1(0.3,0.0) 11.68 £0.04 14.62+£0.05 13.96£0.05 14.02 £ 0.05
(p+,p-)=1(0.3,0.1) 1203 £0.10 14.88+£0.09 1424 +0.10 14.23+£0.10
(p+,p-)=1(0.3,0.2) 1245 +£0.12 1543 +£0.12 1489+£0.12 14.84 £0.13
(p+,p-)=1(0.3,0.3) 13.09 £ 0.15 17.07£0.27 1651 £0.27 16.27 £0.23
(p+,p-)=1(0.3,0.4) 1523 £0.29 20.64 £043 20.40=£0.52 19.70 £0.40
(p+,p-)=1(0.3,0.49) 1930 £ 041 2627 £0.50 26.68 £0.68 25.44 £0.43

(p+,p—)=(0.4,0.0) 11.76 £0.04 1471 £0.07 14.06 +£0.07 14.03 £ 0.07
(p+,p—)=(0.4,0.1) 1227 4£0.09 15224+0.12 1459+0.11 1457 £0.11
(p+,p—)=1(0.4,0.2) 1295+0.13 16734£022 16124021 1594 +0.18
(p+,p-)=(0.4,0.3) 14.86 +0.29 20.05+042 19.57 046 19.13 £+ 0.38
(p4,p—)=(0.4,0.4) 2028048 27474057 27.90+0.71 26.62+0.57
(p4,p—)=(0.4,0.49)  29.96+0.78 38.96+0.86 38.87+0.77 37.84 % 0.77

(p+,p-)=1(0.49,0.0) 11.94 £0.09 1496 £0.10 1425+0.12 1426 +£0.11
(p+,p-)=1(0.49,0.1) 1273 £0.12  16.10 £0.18 1550 £0.22 15.38 £ 0.17
(p+,p-)=1(0.49,0.2) 1430£0.19 19.73£0.36 19.17£043 1858 £0.29
(p+,p-)=1(0.49,0.3) 19.62 £0.51 2642+£0.51 2828 £0.84 25.41=£0.53
(p+,p-)=1(0.49,0.4) 30.28 £0.94 38.17+£0.85 3836£0.87 37.49+£0.79
(p+,p-)=1(0.49,0.49) 4380+137 47.79+058 47.18+0.77 47.59 £ 0.56

Table 8. Mean and standard error (standard deviation scaled by 1/7) of performance measures on image injected with random label
noise 7 = 100 times.The case p_ = 0 corresponds to the censoring version of PU learning. ERRnax and ERRgrle are the misclassifica-
tion errors of the classifiers formed by thresholding using g, p—, and by the ground-truth p4, p— respectively.



Learning from Corrupted Binary Labels via Class-Probability Estimation

Noise 1-AUC (%) BER (%) ERR,. (%)  ERRoac(%)

None 0.00 £ 0.00 0.00 + 0.00 0.00 + 0.00 0.00 £+ 0.00
(p+,p-)=1(0.0,0.1) 0.02 £ 0.01 0.38 + 0.04 0.18 £ 0.03 0.18 £ 0.03
(p+,p-)=1(0.0,0.2) 0.01 £ 0.01 0.71 £ 0.07 0.23 + 0.04 0.22 + 0.04
(p+,p-)=1(0.0,0.3) 0.01 £0.01 1.08 + 0.07 0.23 + 0.04 0.22 + 0.04
(p+,p-)=1(0.0,0.4) 0.02 £0.01 1.56 £ 0.10 0.39 + 0.08 0.39 +0.08
(p+,p-)=1(0.0,0.49) 0.04 £ 0.01 2.16 £0.15 0.54 + 0.08 0.50 £ 0.08

(p+,p-)=1(0.1,0.0) 0.00£0.00  0.01 £0.00  0.01 £0.00 0.01£0.00
(p+,p-)=1(0.1,0.1) 0.01 £0.00 046+0.04  0.19+0.03 0.19 £ 0.03
(p+,p-)=1(0.1,0.2) 0.02 £0.01 0.90 + 0.08 0.31 £ 0.05 0.30 £ 0.05
(p+,p-)=1(0.1,0.3) 0.00 £ 0.00 1.51+£0.10 0.16 £0.04 0.16 £0.04
(p+,p-)=1(0.1,0.4) 0.03 £ 0.01 231+£0.16 047 £0.07 0.45 £ 0.07
(p+,p-)=1(0.1,0.49) 0.05 £0.01 3.15+0.20 1.03+0.26  0.66 £0.11

(p+,p-)=1(0.2,0.0) 0.00 £ 0.00 0.02 + 0.01 0.02 £ 0.01 0.02 +£0.01
(p+,p-)=1(0.2,0.1) 0.00 £ 0.00 0.51 £ 0.05 0.09 £0.02 0.10 £0.02
(p+,p-)=1(0.2,0.2) 0.02 £ 0.02 1.00 £ 0.08 0.18 £ 0.05 0.17 £ 0.05
(p+,p-)=1(0.2,0.3) 0.03 £ 0.01 2.00 £0.14 0.23 £ 0.05 0.23 £ 0.05
(p+,p-)=1(0.2,0.4) 0.03 £0.01 3.24+£0.20 0.31 + 0.06 0.27 £ 0.06
(p+,p-)=1(0.2,0.49) 0.13 +£0.04 5.00 £0.28 1.47 £ 0.25 0.94 £0.21

(p+,p-)=1(0.3,0.0) 0.00£0.00  0.06 £0.02  0.06 £ 0.01 0.06 + 0.01
(p+,p-)=1(0.3,0.1) 0.02 £ 0.01 0.60 +£0.06 020+£0.04 0.19+£0.04
(p+,p-)=1(0.3,0.2) 0.03 £0.01 1.59 £0.11 0.45 £ 0.09 0.43 +0.08
(p+,p-)=1(0.3,0.3) 0.05 £ 0.02 2.85+0.18 0.49 + 0.09 0.45 + 0.09
(p+,p-)=1(0.3,0.4) 0.03 £0.01 5.09 £0.27 0.62+0.12  0.31£0.06
(p+,p-)=1(0.3,0.49) 0.03 £ 0.01 8.41 £0.37 3.10 £ 0.49 1.45 +£0.32

(p+,p-)=(0.4,0.00  001£001 010£003 008002 0.07=+0.02
(p+,p—)=(0.4,0.1)  003£0.02 078008 026007 0.24+0.07
(p+,p—)=(0.4,0.2)  0.02+£001 1.98+0.15 0234006 0.20 % 0.06
(p4,p-)=(0.4,0.3)  0.02+£001 424+024 046+0.12 0.26+0.07
(p4,p—)=(0.4,04)  007+£002 8214039 3194083 1.53+033
(p4,p—)=(0.4,049) 1284055 1672+1.04 18.164+1.87 6.80 % 0.68

(p+,p-)=1(0.49,0.0) 0.02 £ 0.01 0.19 + 0.06 0.17 £ 0.06 0.11 £ 0.02
(p+,p-)=1(0.49,0.1) 0.02 £ 0.01 1.00 + 0.09 0.24 £ 0.07 0.18 £ 0.05
(p+,p-)=1(0.49,0.2) 0.05 £ 0.02 298 £0.19 0.55 +0.17 0.32 +0.08
(p+,p-)=1(0.49,0.3) 0.07 £ 0.04 6.71 £0.33 1.48 £0.43 048 +£0.11
(p+,p-)=1(0.49,0.4) 527+ 1.30 20.19 £ 1.51 1816 £1.75 7.31 +£0.63
(p+,p-)=1(0.49,0.49) 3223 +3.17 4282+139 4423+191 31.76+£2.86

Table 9. Mean and standard error (standard deviation scaled by /7) of performance measures on segment injected with random
label noise 7 = 100 times.The case p— = 0 corresponds to the censoring version of PU learning. ERRpax and ERRgpacle are the
misclassification errors of the classifiers formed by thresholding using o+, p—, and by the ground-truth p, p_ respectively.



Learning from Corrupted Binary Labels via Class-Probability Estimation

Noise 1-AUC (%) BER (%) ERR,. (%)  ERRoac(%)

None 0.28 £ 0.00 3.40 £ 0.00 2.35+0.00 2.35+0.00
(p+,p-)=1(0.0,0.1) 0.76 £ 0.03 4.20 + 0.07 3.27+£0.05 3.27 £0.05
(p+,p-)=1(0.0,0.2) 1.22 £ 0.06 4.70 £ 0.10 4.23 £ 0.09 4.23 +0.09
(p+,p-)=1(0.0,0.3) 1.32 +£0.06 6.12 +£0.12 5.04 £0.09 4.62 +£0.11
(p+,p-)=1(0.0,0.4) 1.10 £ 0.04 8.85 £ 0.11 6.67 £0.13 4.50 + 0.09
(p+,p-)=1(0.0,0.49) 1.46 + 0.04 10.76 £0.12  9.31 £ 0.17 5.38 £0.10

(p4,p-)=(0.1,0.00  055+003 4.07+008 2.83+006 2.79+0.05
(p+,p—)=(0.1,0.1) 1.124+0.04 484+009 3.75+007 3.75+0.07
(p+,p—)=(0.1,0.2) 1.70£0.07 5794011 500+011 499 +0.11
(p+,p—)=1(0.1,0.3) 148+006 796+0.11 604+£0.11 5.08+0.10
(p4,p-)=(0.1,04)  2.01+£007 1072+0.12 9.08+0.18 6.19+0.11
(p4,p-)=(0.1,049)  3.06£0.09 1335+0.14 13.53+024 7.9240.13

(p+,p-)=1(0.2,0.0) 0.75 £0.03 495+ 0.12 3.54 £0.11 3.36 £0.06
(p+,p-)=1(0.2,0.1) 1.60 £ 0.06 6.05 £0.12 4.59 £ 0.09 4.53 £ 0.08
(p+,p-)=1(0.2,0.2) 1.79 £ 0.10 7.02 £ 0.10 539 +£0.16 5.56 £0.15
(p+,p-)=1(0.2,0.3) 2.17 £0.07 9.93 +£0.14 7.75 +£0.13 6.63 +0.11
(p+,p-)=1(0.2,0.4) 3.64 £0.13 1329 £0.17 1273 £0.26  9.63 £ 0.37
(p+,p-)=1(0.2,0.49) 5.09 £ 0.24 16.01 £0.23 18.17£0.40 15.70 £ 0.59

(p+,p-)=1(0.3,0.0) 1.07 £ 0.05 599+016 4.69+022  4.09 £ 0.08
(p+,p-)=1(0.3,0.1) 1.68 £ 0.08 6.54 £0.12 637+026 553+0.12
(p+,p-)=1(0.3,0.2) 1.95 £ 0.06 8.75£0.13 6.55 +£0.13 6.71 £0.13
(p+,p-)=1(0.3,0.3) 3.68 £0.11 1225 £0.16 10.87 £0.20 8.79£0.16
(p+,p-)=1(0.3,0.4) 5.62 +£0.29 16.20 £ 044 16.83 £0.39 16.14 £ 0.58
(p+,p-)=1(0.3,0.49) 12.81 £ 137 3921+£143 2562£1.16 22.45=+0.34

(p+,p—)=(0.4,0.0) 1344008 667+027 823+052 5.64+0.17
(p+,p—)=(0.4,0.1) 1.594£0.07 7.034£0.13 8524032 7.20+0.14
(p+,p—)=(0.4,0.2)  3.14+£0.09 10.65+0.15 8.61+0.15 8.70+0.16
(p4,p-)=(0.4,0.3)  621+£025 16214055 14.99+030 13.77 045
(p+,p—)=(0.4,0.4) 15.67 £ 1.52 4124+137 2608+1.17 22.87+031
(p4,p—)=(0.4,0.49) 3737194 50004000 42224120 24.45+0.00

(p+,p-)=1(0.49,0.0) 0.66 £ 0.07 4.26 +0.23 15.80 £ 040 8.84+0.16
(p+,p-)=1(0.49,0.1) 2.05 £ 0.06 7.95+0.13 9.68 + 0.32 8.56 £0.17
(p+,p-)=1(0.49,0.2) 5.19 £0.15 1349 +£0.19 11.67£022 11.13£0.21
(p+,p-)=1(0.49,0.3) 1257 £096 3495+ 1.54 2321£0.88 20.63£0.44
(p+,p-)=1(0.49,0.4) 2859+ 1.74 49.82+£0.18 3830+£1.20 24.48 £0.03
(p+,p-)=1(0.49,0.49) 4898 £1.61 50.00+0.00 5033105 41.31+241]

Table 10. Mean and standard error (standard deviation scaled by 1/7) of performance measures on splice injected with random
label noise 7 = 100 times.The case p— = 0 corresponds to the censoring version of PU learning. ERRpax and ERRgpacle are the
misclassification errors of the classifiers formed by thresholding using o+, p—, and by the ground-truth p, p_ respectively.



Learning from Corrupted Binary Labels via Class-Probability Estimation

Noise 1-AUC (%) BER (%) ERR,. (%)  ERRoac(%)

None 2.49 £ 0.00 6.93 +0.00 6.52 £ 0.00 6.52 + 0.00
(p+,p-)=1(0.0,0.1) 2.71 £0.02 7.06 + 0.03 6.87 £ 0.03 6.84 +0.03
(p+,p-)=1(0.0,0.2) 2.78 £0.03 7.30 £ 0.04 7.12 £ 0.04 7.07 £ 0.04
(p+,p-)=1(0.0,0.3) 294 +£0.03 7.58 £0.05 7.40 £ 0.05 7.33 £ 0.04
(p+,p-)=1(0.0,0.4) 3.14 £ 0.04 8.01 £ 0.06 7.74 £ 0.06 7.63 + 0.06
(p+,p-)=1(0.0,0.49) 3.35+0.04 8.56 £ 0.08 8.37+£0.08 8.15£0.07

(p+,p-)=1(0.1,0.0) 2.67+002  7.10+0.03 6.88 +0.03 6.89 +0.03
(p+,p-)=1(0.1,0.1) 2.82 +£0.03 735+£0.04 721004  7.19+0.04
(p+,p-)=1(0.1,0.2) 3.01 £0.03 7.66 £ 0.05 7.51 £0.05 7.48 £ 0.05
(p+,p-)=1(0.1,0.3) 3.31 +£0.04 823+0.06 797+£0.06 7.95+£0.06
(p+,p-)=1(0.1,0.4) 3.78 £ 0.06 8.90 £ 0.08 8.69 £ 0.08 8.56 = 0.08
(p+,p-)=1(0.1,0.49) 4.38 £ 0.07 9.92 £0.11 9.87 £ 0.12 9.69 £ 0.11

(p+,p-)=1(0.2,0.0) 2.74 £0.02 7.19 £0.03 7.06 + 0.04 7.04 +£0.03
(p+,p-)=1(0.2,0.1) 297 £0.04 7.53 £ 0.05 7.38 £ 0.05 7.38 £ 0.05
(p+,p-)=1(0.2,0.2) 3.34 +£0.05 8.20 £ 0.07 8.09 £ 0.07 8.07 £ 0.07
(p+,p-)=1(0.2,0.3) 4.00 £ 0.07 8.99 £0.08 9.02+0.13 8.93 £0.09
(p+,p-)=1(0.2,0.4) 4.91 £ 0.09 10.52+£0.13 10.82+£0.31 1026 £0.12
(p+,p-)=1(0.2,0.49) 6.51 £0.13 1293 £0.18 1540+£0.73 12.55£0.16

(p+,p-)=1(0.3,0.0) 2.87+0.04 7.29 + 0.04 7.19 £ 0.04 7.20 £ 0.04
(p+,p-)=1(0.3,0.1) 3.21 £0.05 7.77 £0.07 7.77 £ 0.07 7.78 £ 0.07
(p+,p-)=1(0.3,0.2) 3.81 £0.07 891 £0.10 8.77 £0.11 8.69 £ 0.09
(p+,p-)=1(0.3,0.3) 5.01 £0.10 10.65 £0.13 1090 £0.25 10.40 £0.12
(p+,p-)=1(0.3,0.4) 6.95 +£0.12 1341 £0.17 16.67£0.92 13.11 £0.17
(p+,p-)=1(0.3,0.49) 9.14 £ 0.37 1722 £0.69 1929 £0.67 17.01 £0.51

(p4,p-)=(0.4,0.00  294+£003 7474005 745+005 7.4140.05
(p4,p—)=(0.4,0.1)  3.62+£006 8492009 8412009 8414008
(p+,p—)=(0.4,0.2)  473+£0.10 1024+0.13 1028 +0.19 10.09 +0.12
(p4,p-)=(0.4,0.3)  686+0.12 13.18+0.16 15414057 13.30+0.17
(p4,p—)=(0.4,04) 9224023 17.89+0.74 21.09+0.77 18.49 £ 0.66
(p4,p—)=(0.4,0.49) 1490+ 1.08 23.67+ 106 27.99+1.07 24.07+0.76

(p+,p-)=1(0.49,0.0) 3.18 £ 0.04 7.74 £ 0.06 7.84 £ 0.06 7.79 £ 0.06
(p+,p-)=1(0.49,0.1) 4.14 £ 0.08 9.39 £0.11 9.25 £ 0.10 9.19 £ 0.09
(p+,p-)=1(0.49,0.2) 6.42 +£0.13 12.64 £0.17 15.07£ 046 12.57 £0.18
(p+,p-)=1(0.49,0.3) 8.98 £0.35 16.34 £ 049 20.40+£0.50 16.83 £0.39
(p+,p-)=1(0.49,0.4) 15776 £0.84 27.15+1.32 29.77£1.13 2694 +£0.97
(p+,p-)=1(0.49,0.49) 4046191 4998 +0.02 4594135 48.80+1.00

Table 11. Mean and standard error (standard deviation scaled by /7) of performance measures on spambase injected with random
label noise 7 = 100 times.The case p— = 0 corresponds to the censoring version of PU learning. ERRpax and ERRgpacle are the
misclassification errors of the classifiers formed by thresholding using o+, p—, and by the ground-truth p, p_ respectively.



Learning from Corrupted Binary Labels via Class-Probability Estimation

Noise 1-AUC (%) BER (%) ERR,. (%)  ERRoac(%)

None 0.01 £ 0.00 1.18 £ 0.00 0.18 + 0.00 0.18 + 0.00
(p+,p-)=1(0.0,0.1) 0.07 £0.01 1.04 £ 0.05 0.61 £0.04 0.61 + 0.04
(p+,p-)=1(0.0,0.2) 0.11 £ 0.02 1.61 £0.10 0.65 + 0.04 0.66 + 0.04
(p+,p-)=1(0.0,0.3) 0.07 £0.01 239 £0.16 0.58 £ 0.05 0.58 £ 0.05
(p+,p-)=1(0.0,0.4) 0.14 £ 0.02 2.96 +£0.20 0.75 + 0.06 0.74 + 0.06
(p+,p-)=1(0.0,0.49) 0.15 £ 0.04 471 +£0.22 0.77 £ 0.09 0.73 £ 0.09

(p+,p-)=1(0.1,0.0) 0.01 £ 0.00 0.86 + 0.04 0.22 £ 0.01 0.22 + 0.01
(p+,p-)=1(0.1,0.1) 0.09 £ 0.02 1.30 £ 0.06 0.65 + 0.04 0.63 + 0.04
(p+,p-)=1(0.1,0.2) 0.10 £ 0.02 1.82 £0.12 0.67 + 0.04 0.67 + 0.04
(p+,p-)=1(0.1,0.3) 0.12 +0.02 2.63 £0.19 0.77 £ 0.06 0.76 £ 0.06
(p+,p-)=1(0.1,0.4) 0.24 £ 0.04 3.44 £0.24 1.14 £ 0.09 1.13 £ 0.09
(p+,p-)=1(0.1,0.49) 0.36 = 0.09 491 +0.35 1.49 £ 0.19 142 +£0.18

(p+,p-)=1(0.2,0.0) 0.07 £ 0.02 1.00 + 0.05 0.28 £ 0.01 0.28 £ 0.01
(p+,p-)=1(0.2,0.1) 0.13 £0.02 1.23 +0.06 0.76 + 0.05 0.76 = 0.05
(p+,p-)=1(0.2,0.2) 0.19 £0.03 2.05£0.15 0.84 + 0.06 0.83 £ 0.06
(p+,p-)=1(0.2,0.3) 0.46 = 0.09 3.05+£0.22 1.39 £ 0.17 1.39 £0.17
(p+,p-)=1(0.2,0.4) 0.71 £0.23 445+ 040 223+0.52 1.65 £0.19
(p+,p-)=1(0.2,0.49) 1.44 £0.50 8.44 £ 0.72 442 +1.01 1.97 £0.18

(p+,p-)=1(0.3,0.0) 0.06 &= 0.02 1.16 £ 0.05 0.29 + 0.01 0.30 +£0.01
(p+,p-)=1(0.3,0.1) 0.21 £0.03 1.72£0.10 085=£0.06 0.84 £0.06
(p+,p-)=1(0.3,0.2) 0.35 +£0.04 2.64 £0.17 1.09 + 0.08 1.08 £+ 0.08
(p+,p-)=1(0.3,0.3) 0.85 £ 0.08 2.82+0.17 1.99 +0.11 2.00 +0.10
(p+,p-)=1(0.3,0.4) 1.21 +0.49 10.79 £0.71  4.58 £1.03 1.67 £0.21
(p+,p-)=1(0.3,0.49) 0.30 £0.10 1539+ 031 748 +044 253+0.25

(p4,p-)=(0.4,0.00  0.15+£003 125+007 031001 0.31+0.01
(p4,p—)=(0.4,0.1)  025+£003 2.13+£0.12 098007 0.97+0.07
(p+,p—)=(0.4,0.2)  073+£024 421+038 1884055 1.41+0.11
(p4,p-)=(0.4,0.3)  060+£0.19 948+052 2394042 1.77+021
(p4,p—)=(0.4,04)  026+£003 15294030 7.58+048  3.01 +0.28
(p4,p—)=(0.4,0.49) 551+£1.06 2566+ 127 26144107 572+027

(p+,p-)=1(0.49,0.0) 0.39 £ 0.07 1.75 £ 0.11 0.42 +0.02 0.42 £0.02
(p+,p-)=1(0.49,0.1) 0.53 £ 0.07 3.05£0.16 1.25 +£0.10 1.24 £0.10
(p+,p-)=1(0.49,0.2) 0.60 £0.11 7.33 £0.41 1.59 £0.14 1.66 £ 0.14
(p+,p-)=1(0.49,0.3) 0.26 £ 0.05 1416 £0.34 4924032 2.75+£0.25
(p+,p-)=1(0.49,0.4) 6.01 =1.15 2632+ 135 25.86+ 127 5.66+0.28
(p4+,p-)=1(0.49,0.49) 3989+297 4732+081 49.02+1.10 2143+2.79

Table 12. Mean and standard error (standard deviation scaled by /7) of performance measures on optdigits injected with random
label noise 7 = 100 times.The case p— = 0 corresponds to the censoring version of PU learning. ERRpax and ERRgpacle are the
misclassification errors of the classifiers formed by thresholding using o+, p—, and by the ground-truth p, p_ respectively.



Learning from Corrupted Binary Labels via Class-Probability Estimation

Noise 1-AUC (%) BER (%) ERR,. (%)  ERRoac(%)

None 0.16 = 0.00 0.78 + 0.00 0.62 + 0.00 0.62 + 0.00
(p+,p-)=1(0.0,0.1) 0.44 +0.05 4.22 +0.19 0.66 £ 0.01 0.66 + 0.01
(p+,p-)=1(0.0,0.2) 0.95 £ 0.16 7.03 £ 0.26 0.73 £ 0.01 0.73 £ 0.01
(p+,p-)=1(0.0,0.3) 1.55+£0.26 8.37 £0.33 1.02 +£0.25 0.78 £ 0.02
(p+,p-)=1(0.0,0.4) 1.72 £ 0.23 10.31 £0.35 0.84 £0.02 0.83 +£0.01
(p+,p-)=1(0.0,0.49) 2.56 £ 0.36 1124 £ 043  1.64 £ 0.47 0.96 + 0.03

(p+,p-)=1(0.1,0.0) 0.18 £0.00  0.98 £ 0.08 0.62 + 0.01 0.61 + 0.01
(p+,p-)=1(0.1,0.1) 0.84 £0.14 520+0.23 0.77 £ 0.07 0.70 £ 0.02
(p+,p-)=1(0.1,0.2) 1.16 £ 0.17 7.46 +£0.33 0.88 + 0.08 0.79 £ 0.02
(p+,p-)=1(0.1,0.3) 1.95 +0.28 990+036 0861002  0.84 +£0.02
(p+,p-)=1(0.1,0.4) 2.79 £0.38 1280 £ 043 1.12+0.11 0.97 £0.03
(p+,p-)=1(0.1,0.49) 3.67 £0.41 1523 £0.52  1.95+0.39 1.09 +£0.03

(p+,p-)=1(0.2,0.0) 0.78 £0.15 3.17+£0.22 0.94 £ 0.14 0.66 + 0.02
(p+,p-)=1(0.2,0.1) 1.17 £0.19 5.98 £0.30 0.97 £ 0.16 0.75 £0.02
(p+,p-)=1(0.2,0.2) 1.74 £ 0.21 9.54 £0.39 0.92 + 0.07 0.84 £ 0.02
(p+,p-)=1(0.2,0.3) 2.36 £0.27 11.86 £ 041 1.02 £ 0.07 0.93 +£0.02
(p+,p-)=1(0.2,0.4) 2.96 +£0.31 1576 £045 1.16 £0.10 1.05 +£0.02
(p+,p-)=1(0.2,0.49) 18.08 £1.86 29.79+1.61 2281 +3.08 1.47+0.06

(p+,p-)=1(0.3,0.0) 1.08 £ 0.18 3954+£024 093+0.14  0.65+0.02
(p+,p-)=1(0.3,0.1) 1.43 £0.19 7.17+£034  0.88 £0.08 0.81 +£0.02
(p+,p-)=1(0.3,0.2) 225 +0.26 10.96 £ 040 1.01 +£0.09 0.92 +0.02
(p+,p-)=1(0.3,0.3) 3.93+£0.52 1576 £0.62 3954143 1.15 £ 0.06
(p+,p-)=1(0.3,0.4) 2037+ 197 31.50+£1.55 2739+£325 1.36+£0.03
(p+,p-)=1(0.3,0.49) 3485+ 1.74 4348 £1.11 4250+£2.81 1.58+0.06

(p+,p—)=(0.4,0.00  2.02£029 5424025 1292020  0.70 & 0.03
(p+,p—)=(0.4,0.1)  2.07+£028 897+£036 085001 0.85=%0.01
(p+,p_)=(0.4,0.2)  3.11+£031 1488+042 101003 1.00+0.03
(p+,p_) =(0.4,0.3) 19.14 £2.06 2928+ 1.52 18.96+£2.78 1.44 £ 0.05
(p+,p_)=(0.4,0.4) 3726+ 1.64 4428+ 1.11 49744281 1.58+0.04
(p+,p—)=(0.4,0.49) 4446 +£1.01 47.93+£0.50 53.37+£2.69 1.48+0.01

(p+,p-)=1(0.49,0.0) 237+ 0.31 571 £0.27 1.29 +£0.20 0.70 £ 0.03
(p+,p-)=1(0.49,0.1) 3.02+£0.38 1132+ 043 1.24+£024 0.93 +£0.02
(p+,p-)=1(0.49,0.2) 10.83 £1.57 2380+£1.33 11.16 £230 1.19£0.03
(p+,p-)=1(0.49,0.3) 36.81 +£1.83 4212+ 1.14 43.88+£2.87 1.55+£0.03
(p+,p-)=1(0.49,0.4) 3998 +£1.07 4845+£0.64 5999+240 197+£0.19
(p+,p-)=1(0.49,0.49) 47.04+099 5020+035 5423+2.69 13.31+£258

Table 13. Mean and standard error (standard deviation scaled by 1/7) of performance measures on thyroid injected with random
label noise 7 = 100 times.The case p— = 0 corresponds to the censoring version of PU learning. ERRpax and ERRgpacle are the
misclassification errors of the classifiers formed by thresholding using o+, p—, and by the ground-truth p, p_ respectively.



Learning from Corrupted Binary Labels via Class-Probability Estimation

Noise 1-AUC (%) BER (%) ERR,. (%)  ERRoac(%)

None 0.95 £ 0.00 4.51 £ 0.00 3.09 £ 0.00 3.05 £0.00
(p+,p-)=1(0.0,0.1) 0.84 £+ 0.00 4.60 + 0.02 2.63 +£0.01 2.64 £ 0.01
(p+,p-)=1(0.0,0.2) 0.87 £ 0.01 4.16 + 0.04 2.33+£0.02 233 £0.02
(p+,p-)=1(0.0,0.3) 0.86 = 0.01 4.07 £ 0.04 2.13 +£0.02 2.12+£0.02
(p+,p-)=1(0.0,0.4) 0.86 £ 0.01 4.12 £ 0.04 2.11 £0.02 2.12+£0.02
(p+,p-)=1(0.0,0.49) 0.88 £ 0.01 4.34 + 0.06 220 £0.02 2.19 £ 0.02

(p+,p-)=1(0.1,0.0) 0.94 £+ 0.00 4.57 £ 0.01 2.96 £+ 0.01 2.89 +£0.02
(p+,p-)=1(0.1,0.1) 0.87 £0.01 4.50 £+ 0.03 2.60 £0.02 2.60 £0.02
(p+,p-)=1(0.1,0.2) 0.89 £ 0.01 4.27 £ 0.05 2.35+0.03 2.37+0.03
(p+,p-)=1(0.1,0.3) 0.89 £ 0.01 4.27 £ 0.04 2.19 £0.02 2.19 £ 0.02
(p+,p-)=1(0.1,0.4) 0.92 £ 0.01 4.52 £ 0.05 222 4+0.02 223 +£0.02
(p+,p-)=1(0.1,0.49) 1.01 £0.03 4.96 + 0.09 233 +0.02 2.324+0.02

(p+,p-)=1(0.2,0.0) 0.95 £ 0.00 4.53 £ 0.02 297 +£0.02 2.92 +0.02
(p+,p-)=1(0.2,0.1) 0.89 £ 0.01 4.51 £ 0.04 2.60 +£0.02 2.60 + 0.02
(p+,p-)=1(0.2,0.2) 0.92 +0.01 445+ 0.13 2.37+0.03 241 +£0.05
(p+,p-)=1(0.2,0.3) 0.95 £ 0.01 4.58 + 0.06 2.32+0.03 231 £0.03
(p+,p-)=1(0.2,0.4) 1.04 +£0.02 5.05+0.10 2.39 +£0.03 2.39 +£0.03
(p+,p-)=1(0.2,0.49) 1.27 £ 0.04 6.21 £0.17 2.68 £ 0.04 2.67 +0.04

(p+,p-)=1(0.3,0.0) 0.97 £0.01 4.46 + 0.02 298+£0.02  2.92+0.02
(p+,p-)=1(0.3,0.1) 0.92 £ 0.01 4.55 £ 0.05 2.59 £0.03 2.59 £0.03
(p+,p-)=1(0.3,0.2) 097 £0.02  4.69 + 0.08 239 +£0.03 2.38 £0.03
(p+,p-)=1(0.3,0.3) 1.10 £ 0.02 5.21 £0.10 2.49 +£0.03 246 +0.03
(p+,p-)=1(0.3,0.4) 1.46 + 0.07 6.22 £0.17 2.82 +£0.05 2.76 £ 0.05
(p+,p-)=1(0.3,0.49) 2.07 £0.11 9.41 £0.28 3.38 £0.07 3.26 £0.06

(p4,p-)=(0.4,0.00  099+£001 448+003 3.03+£002 2.98+0.02
(p4,p—)=(0.4,0.1)  095+£001 467006 260003 2.58+0.03
(p+,p—)=(0.4,0.2) 1.07+£002 4974009 2484003 2.43+0.03
(p+,p-)=(0.4,0.3) 131£0.04 651017 2744004 2.68+0.04
(p4,p—)=(0.4,04)  212+0.12 1036+031 3.86+027  3.39+0.08
(p4,p—)=(0.4,0.49) 953124 24534124 2316+ 178 6.99 £ 0.19

(p+,p-)=1(0.49,0.0) 1.00 = 0.01 4.48 +0.03 3.05+£0.02 2.99 +0.02
(p+,p-)=1(0.49,0.1) 1.00 £ 0.01 4.75 £ 0.06 2.61 £0.03 2.54 £0.03
(p+,p-)=1(0.49,0.2) 1.22 +£0.03 570 £0.12 2.70 £ 0.04 2.61 £0.03
(p+,p-)=1(0.49,0.3) 1.94 +£0.10 9.15+0.27 3.47 £0.09 3.27 £0.07
(p+,p-)=1(0.49,0.4) 6.02 +0.43 19.80 £0.52 1931 +£1.38 6.74 £0.21
(p+,p-)=1(0.49,0.49) 32.02+2.02 48.16+0.71 51.59+124 18.81+249

Table 14. Mean and standard error (standard deviation scaled by /7) of performance measures on pendigits injected with random
label noise 7 = 100 times.The case p— = 0 corresponds to the censoring version of PU learning. ERRpax and ERRgpacle are the
misclassification errors of the classifiers formed by thresholding using o+, p—, and by the ground-truth p, p_ respectively.



Learning from Corrupted Binary Labels via Class-Probability Estimation

Noise 1-AUC (%) BER (%) ERR,. (%)  ERRoac(%)

None 0.92 £ 0.00 3.63 £0.00 3.63 £0.00 3.63 £0.00
(p+,p-)=1(0.0,0.1) 0.93 +0.00 3.61 £0.01 3.59 £0.01 3.60 £ 0.01
(p+,p-)=1(0.0,0.2) 0.94 £ 0.01 3.63 £0.01 3.62 £0.01 3.62 £0.01
(p+,p-)=1(0.0,0.3) 0.96 £ 0.01 3.65 £0.01 3.63 £0.01 3.64 £0.01
(p+,p-)=1(0.0,0.4) 0.99 £0.01 3.65 £0.02 3.65 +£0.02 3.66 £ 0.02
(p+,p-)=1(0.0,0.49) 1.00 £ 0.01 3.69 £ 0.02 3.68 £0.02 3.68 £0.02

(p+,p-)=1(0.1,0.0) 0.95 £ 0.01 3.56 £ 0.01 3.55+0.01 3.55+0.01
(p+,p-)=1(0.1,0.1) 0.96 £ 0.01 3.62 £0.01 3.61 £0.01 3.61 £0.01
(p+,p-)=(0.1,0.2) 0.97 £0.01 3.63 £0.02 3.62+0.02 3.62£0.02
(p+,p-)=1(0.1,0.3) 1.00 £ 0.01 3.68 £0.02 3.67 £0.02 3.67 £0.02
(p+,p-)=1(0.1,0.4) 1.05 £ 0.01 3.78 £0.02 377 £0.02 3.78 £0.02
(p+,p-)=1(0.1,0.49) 1.10 £ 0.01 3.94 £0.03 3.94 +£0.03 3.94 £0.03

(p+,p-)=1(0.2,0.0) 0.96 £ 0.01 3.60 £0.01 3.59 £0.01 3.59 £0.01
(p+,p-)=1(0.2,0.1) 0.98 £0.01 3.64 £0.02 3.63 £0.02 3.64 £0.02
(p+,p-)=1(0.2,0.2) 1.02 £ 0.01 3.67 £0.02 3.68 £0.02 3.67 £0.02
(p+,p-)=1(0.2,0.3) 1.07 £ 0.02 3.83 £0.02 3.82+£0.02 3.83 £0.02
(p+,p-)=1(0.2,0.4) 1.17 £ 0.02 4.06 + 0.03 4.06 + 0.03 4.05 +£0.03
(p+,p-)=1(0.2,0.49) 1.33 £ 0.03 4.41 £0.04 441 £0.04 442 £0.04

(p+,p-)=1(0.3,0.0) 0.98 £ 0.01 3.65 £0.02 3.64 £0.02 3.64 £0.02
(p+,p-)=1(0.3,0.1) 1.03 £0.01 3.72 £0.02 3.73 £0.02 3.73 £0.02
(p+,p-)=1(0.3,0.2) 1.06 + 0.02 3.80 £0.03 3.80 £0.03 3.81 £0.03
(p+,p-)=1(0.3,0.3) 1.15+0.02  4.09 +0.03 4.09 +0.03 4.09 +0.03
(p+,p-)=1(0.3,0.4) 1.40 £ 0.03 4.55 £ 0.05 4.57 £ 0.05 4.54 £ 0.05
(p+,p-)=1(0.3,0.49) 1.62 + 0.05 5.08 £ 0.07 5.12 £0.07 5.10 £ 0.07

(p+,p—)=(0.4,0.0) 1.024+0.01  3.69+0.02 370+0.02  3.70 £ 0.02
(p+,p—)=(0.4,0.1) 1.06 £0.01 3.834+0.02 3.85+002 3.8440.02
(p+,p—)=1(0.4,0.2) 1.16 £0.02  4.05+0.03 4.06+0.03 4.05+0.03
(p+,p-)=(0.4,0.3) 1374£0.03 4.60+004 4634004 4.61+004
(p+,p—)=(0.4,0.4) 1774005 5444+0.09 549+0.08 548+ 0.08
(p4,p—)=(0.4,0.49) 2.82+£0.09 7.63+£0.14 795+£0.16 8.05=+0.16

(p+,p-)=1(0.49,0.0) 1.03 £ 0.01 3.72 £ 0.02 3.72 £ 0.02 3.72 £0.02
(p+,p-)=1(0.49,0.1) 1.13 £0.02 3.96 +£0.03 3.98 £0.03 3.96 £ 0.03
(p+,p-)=1(0.49,0.2) 1.33 £0.02 4.47 £ 0.04 4.50 £ 0.05 4.48 +0.04
(p+,p-)=1(0.49,0.3) 1.63 = 0.06 5.20 £0.08 5.26 £0.08 5.24 £ 0.08
(p+,p-)=1(0.49,0.4) 2.95+0.09 793 +£0.15 830+ 0.18 8.15+0.15
(p+,p-)=1(0.49,0.49) 1956128 3470160 3545+1.15 46.59+£0.82

Table 15. Mean and standard error (standard deviation scaled by /7) of performance measures on mnist injected with random label
noise 7 = 100 times.The case p_ = 0 corresponds to the censoring version of PU learning. ERRnax and ERRgrle are the misclassifica-
tion errors of the classifiers formed by thresholding using g, p—, and by the ground-truth p4, p— respectively.



Learning from Corrupted Binary Labels via Class-Probability Estimation

Noise 1-AUC (%) BER (%) ERR,. (%)  ERRoac(%)

None 1.54 +£0.00 4.71 £ 0.00 1.92 +£0.00 1.65 £ 0.00
(p+,p-)=1(0.0,0.1) 3.04 £0.11 5.46 +0.45 1.01 +0.04 0.99 +0.03
(p+,p-)=1(0.0,0.2) 3.324+0.21 6.13 £ 0.45 0.79 £ 0.03 0.79 £ 0.03
(p+,p-)=1(0.0,0.3) 3.16 £ 0.04 6.06 = 0.07 0.74 £ 0.01 0.74 £ 0.01
(p+,p-)=1(0.0,0.4) 3.12+£0.04 6.38 £ 0.07 0.75 £ 0.01 0.75 £ 0.01
(p+,p-)=1(0.0,0.49) 3.12 £ 0.04 6.67 £ 0.10 0.77 £ 0.01 0.76 = 0.01

(p+,p-)=(0.1,0.0) 1.68 £0.05 4724+0.02 185+0.02 1.67+0.01
(p4,p-)=(0.1,0.1)  296+£005 510004 093+£001 0.92+0.01
(p4,p—)=(0.1,0.2)  358+£047 621044 0824004 0814004
(p4,p-)=(0.1,0.3)  3.15+005 631+£009 079+001 0.78+0.01
(p4,p-)=(0.1,04)  3.16+£005 695+0.14 0794001 079 £ 0.01
(p4,p—)=(0.1,0.49) 320+£006 742+0.15 084001 0.84+0.01

(p+,p-)=1(0.2,0.0) 1.92 + 0.08 4.79 £ 0.02 1.90 £ 0.04 1.71 £0.03
(p+,p-)=1(0.2,0.1) 3.08 £+ 0.06 5.19 £0.04 0.91 £0.02 0.89 £ 0.02
(p+,p-)=1(0.2,0.2) 3.124+0.13 6.85 = 0.41 0.89 + 0.04 0.83 £0.03
(p+,p-)=1(0.2,0.3) 3.01 £0.05 7.41 £0.18 0.86 + 0.01 0.82 + 0.01
(p+,p-)=1(0.2,0.4) 3.18 £0.08 8.40 £0.47 0.90 + 0.05 0.87 £ 0.04
(p+,p-)=1(0.2,0.49) 3.24 £ 0.07 9.34 +£0.24 0.96 + 0.02 0.94 + 0.02

(p+,p-)=1(0.3,0.0) 2.08+£0.09 477 +0.03 1.93 +0.06 1.76 = 0.05
(p+,p-)=1(0.3,0.1) 3.01 £ 0.06 5.57 £0.07 092+£0.02 0.89+0.01
(p+,p-)=1(0.3,0.2) 3.05 £0.05 6.53 £0.11 0.85 £ 0.01 0.82 +£0.01
(p+,p-)=1(0.3,0.3) 3.15 £ 0.06 8.10 £0.23 091+0.02  0.86 £ 0.01
(p+,p-)=1(0.3,0.4) 3.18 £ 0.07 10.19 £0.28 0.99+0.02 091 +£0.02
(p+,p-)=1(0.3,0.49) 3.47 £ 0.08 12.00 £0.32 147 +0.10 1.23 £0.04

(p+,p-)=1(0.4,0.0) 231 £0.10 4.79 £ 0.03 2.00 £ 0.07 1.80 £ 0.05
(p+,p-)=1(0.4,0.1) 2.99 £ 0.06 5.92 +£0.08 0.95 £ 0.02 0.90 + 0.02
(p+,p-)=1(0.4,0.2) 3454043 7.80 £ 0.45 1.01 +£0.05 0.91 £ 0.04
(p+,p-)=1(0.4,0.3) 3.07 £0.07 10.25+£0.27 1.10 £0.03 0.93 £ 0.01
(p+,p-)=1(0.4,0.4) 4.34 £ 0.56 13.71 £0.66  2.58 + 0.94 1.34 £ 0.06
(p+,p-)=1(0.4,0.49) 1413 +£1.75 29.15+131 1893171 3.74+0.07

(p+,p-)=1(0.49,0.0) 279 £0.11 4.82 + 0.04 1.91 £ 0.07 1.77 £ 0.06
(p+,p-)=1(0.49,0.1) 3.04 £ 0.07 6.47 +£0.12 1.01 £0.02 0.92 £ 0.01
(p+,p-)=1(0.49,0.2) 2.96 £ 0.06 9.21 £0.25 1.11 £ 0.03 0.93 +£0.02
(p+,p-)=1(0.49,0.3) 338 £0.11 1248 £049 2.50+0.94 1.24 +£0.05
(p+,p-)=1(0.49,0.4) 11.11 £ 127 29.05+£1.32 2202£1.79 3.79+£0.09
(p+,p-)=1(0.49,0.49) 3626 £2.06 47.07+0.87 3998177 833+1.41

Table 16. Mean and standard error (standard deviation scaled by /7) of performance measures on letter injected with random
label noise 7 = 100 times.The case p— = 0 corresponds to the censoring version of PU learning. ERRpax and ERRgpacle are the
misclassification errors of the classifiers formed by thresholding using o+, p—, and by the ground-truth p, p_ respectively.



Learning from Corrupted Binary Labels via Class-Probability Estimation

Noise 1-AUC (%) BER (%) ERR,. (%)  ERRoac(%)

None 5.58 £0.00 11.01 £0.00 7.26 + 0.00 7.23 £ 0.00
(p+,p-)=1(0.0,0.1) 5.74 £ 0.09 1124 £0.03 6.01 +0.04 5.88 + 0.04
(p+,p-)=1(0.0,0.2) 5.85 £ 0.08 11.86 £0.04 5.44+0.03 5.40 £ 0.02
(p+,p-)=1(0.0,0.3) 5.83 £0.03 12.24 £0.04 5.19+£0.02 5.17 £0.01
(p+,p-)=1(0.0,0.4) 6.03 +£0.03 12.63 £0.09 5.04 +0.02 5.03 £0.01
(p+,p-)=1(0.0,0.49) 6.25 + 0.04 13.51 £0.18 4.92+£0.02 4.92 +0.02

(p+,p-)=1(0.1,0.0) 5.68 + 0.01 11.00 £0.02 7.57+£0.03 7.18 £ 0.01
(p+,p-)=1(0.1,0.1) 5.86 £0.11 11.30 £0.04 5.96 + 0.04 5.84 £ 0.04
(p+,p-)=1(0.1,0.2) 5.88 £0.07 1193 £ 0.05 5.40+0.03 5.39 +£0.02
(p+,p-)=1(0.1,0.3) 597 +£0.04 12.33 £0.07 5.16 £ 0.02 5.18 £ 0.01
(p+,p-)=1(0.1,0.4) 6.23 + 0.06 13.20 £ 0.16  5.03 £ 0.03 5.05 £ 0.02
(p+,p-)=1(0.1,0.49) 6.42 £ 0.07 14.02 £ 021 4.96 +£0.03 5.00 +£0.03

(p+,p-)=1(0.2,0.0) 5.62 £0.01 10.99 £0.02 7.46+0.03 7.10 £ 0.02
(p+,p-)=1(0.2,0.1) 6.07 £ 0.14 11.43 £0.05 5.85=+£0.04 5.76 £ 0.03
(p+,p-)=1(0.2,0.2) 5.99 +£0.07 12.00 £0.05 5.42+0.03 5.39 £ 0.02
(p+,p-)=1(0.2,0.3) 5.96 £ 0.04 12.62 £0.07 5.15+0.02 5.18 £0.02
(p+,p-)=1(0.2,0.4) 6.35 £ 0.07 13.62 £ 0.18 5.04 £ 0.03 5.08 +£0.03
(p+,p-)=1(0.2,0.49) 6.84 £0.10 14.63 £0.23  5.09 + 0.04 5.12 +£0.04

(p+,p-)=1(0.3,0.0) 5.61 £0.01 11.01 £0.03 7.44 +£0.03 7.04 £ 0.02
(p+,p-)=1(0.3,0.1) 5.86 £ 0.11 11.59 £0.05 576 £0.04  5.72£0.03
(p+,p-)=1(0.3,0.2) 6.04 £ 0.08 1227 £0.07 538+0.04 538+0.03
(p+,p-)=1(0.3,0.3) 6.11 +0.05 1324 £0.12  5.224+0.03 5.19 £0.03
(p+,p-)=1(0.3,0.4) 6.76 = 0.09 1452 £0.19 522+0.04 519+0.04
(p+,p-)=1(0.3,0.49) 7.78 £0.17 1622 £ 027 5.55+0.06 548 +£0.05

(p4,p-)=(0.4,0.00 562002 11.03+0.03 748004 7.01 +0.03
(p4,p-)=(0.4,0.1)  610£0.12 11.734£0.06 5742004 568+ 0.03
(p+,p-)=(0.4,0.2)  6.10+£0.06 1276+0.10 5344004 5.3340.03
(p4,p-)=(0.4,0.3)  654+£007 1423+0.17 5284005 5244004
(p+,p—)=(0.4,0.4) 8.09+£020 16394026 5914014 5.62+0.06
(p4,p—)=(0.4,0.49)  12.09£035 24.95+0.64 27124167 6.69+0.03

(p+,p-)=1(0.49,0.0) 5.59 £0.02 11.08 £0.03  7.37 £ 0.04 6.91 +0.03
(p+,p-)=1(0.49,0.1) 5.96 £ 0.10 12.03 £ 0.06 5.64 + 0.04 5.62 +£0.03
(p+,p-)=1(0.49,0.2) 6.46 = 0.09 13.23 £0.11  5.50 £ 0.06 5.45 +0.04
(p+,p-)=1(0.49,0.3) 7.33 £0.12 15.50 £0.18 5.63 + 0.06 5.49 £ 0.04
(p+,p-)=1(0.49,0.4) 13.37 £ 050 26.13£0.74 3022 £1.54 6.77 £0.06
(p+,p-)=1(0.49,0.49) 41.04£2.03 4796075 4870128 7.36+0.30

Table 17. Mean and standard error (standard deviation scaled by 1/7) of performance measures on covtype-binary injected with
random label noise 7 = 100 times.The case p_ = 0 corresponds to the censoring version of PU learning. ERRpnax and ERRpqcle are the
misclassification errors of the classifiers formed by thresholding using o+, p—, and by the ground-truth p, p_ respectively.



Learning from Corrupted Binary Labels via Class-Probability Estimation

Noise 1-AUC (%) BER (%) ERR,. (%)  ERRoac(%)

None 39.62 +0.00 42.46+0.00 4.93+0.00 4.93 + 0.00
(p+,p-)=1(0.0,0.1) 3991 +£0.03 4249+0.08 9.80+1.15 4.93 + 0.00
(p+,p-)=1(0.0,0.2) 39.99 £0.06 4253 +£0.11 1458 £1.92 4.93 £ 0.00
(p+,p-)=1(0.0,0.3) 39.96 +£0.06 42.56+0.08 14.37£2.72 4.93+£0.00
(p+,p-)=1(0.0,0.4) 40.10 £ 0.06 4270 £0.06 27.22+8.16 4.93+0.00
(p+,p-)=1(0.0,0.49) 40.15£0.06 4284 £0.08 21.09+295 4.93+0.00

(p+,p-)=1(0.1,0.0) 39.69 +£0.03 4246+£0.03 6.61£0.66 4.93+0.00
(p+,p-)=1(0.1,0.1) 39.95+0.06 4248 +0.07 9.38+1.65 4.93 + 0.00
(p+,p-)=1(0.1,0.2) 40.02 £0.07 4254+£0.11 18.12+1.75 4.93+0.00
(p+,p-)=1(0.1,0.3) 40.02 £0.09 4255+£0.06 1587+280 4.93+0.00
(p+,p-)=1(0.1,0.4) 40.21 £0.07 42.82£0.10 29.50+8.24 4.93+0.00
(p+,p-)=1(0.1,0.49) 4023 £0.09 4293 £0.11 2625+271 4.93+0.00

(p+,p-)=1(0.2,0.0) 39.69 £ 0.03 4239+£0.02 6.23 +0.66 4.93 +0.00
(p+,p-)=1(0.2,0.1) 39.95+£0.04 4249£0.09 15.03+£2.16 4.93+0.00
(p+,p-)=1(0.2,0.2) 40.04 £0.08 42.63 £0.11 19.19+1.62 4.93+0.00
(p+,p-)=1(0.2,0.3) 40.05 £0.10 42.61£0.10 17.60+2.82 4.93+0.00
(p+,p-)=1(0.2,0.4) 4042 +£0.11 43.01 £0.10 3041 +832 4.93+0.00
(p+,p-)=1(0.2,0.49) 4044 £0.12  43.40£0.17 3237+£550 4.93+0.00

(p+,p-)=1(0.3,0.0) 39.77+£0.03 4236 £0.05 7.30+£0.61 4.93 + 0.00
(p+,p-)=1(0.3,0.1) 40.05 £0.07 4253 £0.09 21.20+822 4.93+0.00
(p+,p-)=1(0.3,0.2) 40.16 £0.12 4274 £0.13 21.55+2.08 4.93+0.00
(p+,p-)=1(0.3,0.3) 40.22 £0.13 4279 £0.13 20.65+3.46 4.93+0.00
(p+,p-)=1(0.3,0.4) 40.63 £0.12 4328 £0.12 3399 +8.64 4.93+0.00
(p+,p-)=1(0.3,0.49) 41.12£0.24 4443 £0.66 4334+698 4.93+0.00

(p4,p-)=(0.4,0.00  3979+£004 42394005 8474101  4.93+0.00
(p4,p—)=(0.4,0.1) 4006006 42.61+0.10 1547 £257 4.93+0.00
(p+,p—)=(0.4,0.2)  40244+0.12 42.83+0.13 23.22+233 4.93 4 0.00
(p4,p-)=(0.4,0.3) 4044 +020 43.08+0.13 25104255 4.93+0.00
(p4,p—)=(0.4,04)  4123+0.18 43.81+0.16 46384874 4.93+0.00
(p4,p—)=(0.4,0.49) 4359+ 1.18 47744098 46.10+7.06 4.93 & 0.00

(p+,p-)=1(0.49,0.0) 39.83+0.04 4244 +0.04 9.68+0.93 4.93 + 0.00
(p+,p-)=1(0.49,0.1) 40.16 £0.06 42.68 £0.13 1899 +3.78 4.93 £0.00
(p+,p-)=1(0.49,0.2) 40.52 £0.20 43.19£0.22 38.06 £8.22 4.93+0.00
(p+,p-)=1(0.49,0.3) 40.80 £0.26 43.40£0.19 27.14+451 4.93+0.00
(p+,p-)=1(0.49,0.4) 4187 £041 4437+£025 5890+9.60 4.93+0.00
(p+,p-)=1(0.49,0.49) 4983 +£2.09 4893105 4744+951 5791084

Table 18. Mean and standard error (standard deviation scaled by /7) of performance measures on kddcup98 injected with random
label noise 7 = 100 times.The case p— = 0 corresponds to the censoring version of PU learning. ERRpax and ERRgpacle are the
misclassification errors of the classifiers formed by thresholding using o+, p—, and by the ground-truth p, p_ respectively.



