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Abstract

Positive and unlabeled (PU) learning is a
fundamental task in many applications that
trains a binary classifier from only PU data.
Existing PU learning methods typically as-
sume that training and test distributions are
identical. However, this assumption is often
violated due to distribution shifts, and shift
types such as covariate and concept shifts
are generally difficult to identify. In this pa-
per, we propose a distribution shift adapta-
tion method for PU learning without assum-
ing shift types by using a few PU data in the
test distribution and PU data in the training
distribution. Our method is based on the im-
portance weighting, which can learn the clas-
sifier in a principled manner by minimizing
the importance-weighted training risk that
approximates the test risk. Although existing
methods require positive and negative data in
both distributions for the importance weight-
ing without assuming shift types, we theoreti-
cally show that it can be performed with only
PU data in both distributions. On the ba-
sis of this finding, our neural network-based
classifiers can be effectively trained by iter-
ating the importance weight estimation and
classifier learning. We experimentally show
that our method outperforms various exist-
ing methods with seven real-world datasets.

1 INTRODUCTION

Positive and unlabeled (PU) learning addresses the
problem of learning a binary classifier from only PU
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data without negative data (Bekker and Davis, 2020).
It has attracted attention since negative data are of-
ten difficult to collect in many applications. For ex-
ample, in personalized advertising, data liked by the
user (positive data) can be collected from clicked ads,
but disliked data (negative data) are difficult to collect
because unclicked ads contain both liked and disliked
ones (Bekker and Davis, 2020). In outlier detection,
only normal (positive) data and unlabeled data are of-
ten available since anomalous (negative) data are rare
(Hido et al., 2011). In addition to these, PU learn-
ing can be applied to many other applications such as
medical diagnosis (Zuluaga et al., 2011), drug discov-
ery (Liu et al., 2017), text classification (Li and Liu,
2003), and remote sensing (Li et al., 2010).

Although many PU learning methods have been pro-
posed (Fung et al., 2005; Hou et al., 2018; Chen et al.,
2020; Luo et al., 2021; Zhao et al., 2022; Du Plessis
et al., 2015; Kiryo et al., 2017), they usually assume
that training and test distributions are identical. How-
ever, in practice, this assumption is often violated.
For example, in personalized advertising, users’ pref-
erences usually shift over time. In outlier detection,
when data are collected in different environments, the
data distribution can change (Kumagai et al., 2019).
When such a distribution shift occurs, the performance
of these methods drastically deteriorates.

To deal with this problem, several PU learning meth-
ods for distribution shift adaptation have recently been
proposed (Sakai and Shimizu, 2019; Hammoudeh and
Lowd, 2020; Mignone and Pio, 2018). Most methods
use unlabeled data in the test distribution, which are
easy to prepare, and PU data in the training distri-
bution. Since unlabeled data do not have supervision,
they assume a particular shift type such as covariate
shift (Sakai and Shimizu, 2019). Although they work
well when the assumption is satisfied, the shift type is
generally difficult or impossible to identify from unla-
beled data. One method uses a few PU data in the
test distribution, which are often available in prac-
tice (Mignone and Pio, 2018). This approach has the
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potential for improving the performance without any
shift assumptions by using PU data in the test dis-
tribution. However, the method focuses on a specific
task of link prediction on network data and is rather
heuristic. For reliable use in a wide variety of tasks,
more generic and principled methods are desirable.

In this paper, we propose a distribution shift adapta-
tion method for general PU learning without shift type
assumptions that uses a few PU data in the test distri-
bution and PU data in the training distribution. Our
method is based on the importance weighting frame-
work, which has been successfully used for distribu-
tion shift adaptation on ordinary supervised learning
(Sugiyama et al., 2012; Lu et al., 2022). This frame-
work first estimates importance weights that are the
(relative) ratio between training and test densities and
then learns classifiers by minimizing the importance-
weighted empirical training risk. Since it is approxi-
mately equivalent to the risk on the test distribution,
we can learn classifiers that fit on the test distribution
in a principled manner. Although existing importance
weighting methods require positive and negative (PN)
data in both distributions for adaptation without shift
type assumptions (Fang et al., 2020, 2023), we theo-
retically show that the importance weighting (i.e., the
importance weight estimation and classifier learning)
can be achieved with only PU data. On the basis of
this finding, our loss function is a weighed sum of the
empirical risk with PU data in the test distribution
and the importance-weighted empirical risk with PU
data in the training distribution.

Although we can learn classifiers by minimizing the
loss, the importance weight estimation is a difficult
task, especially when using complex models such as
neural networks or complex data such as image data
(Fang et al., 2020; Kato and Teshima, 2021; Rhodes
et al., 2020). As a result, the above two-step impor-
tance weighting approach often does not work well. To
alleviate this problem, following recent works (Fang
et al., 2020, 2023), we employ a dynamic learning ap-
proach that iterates the importance weight estimation
and classifier learning while sharing a neural network
for feature extraction. By training the shared feature
extractor with simpler classifier learning, the impor-
tance weights can be estimated more easily; the classi-
fier learning can be performed without biases by using
the estimated importance weights.

Our main contributions are as follows: (1) We formu-
late the problem of distribution shift adaptation for
general PU learning without shift type assumptions.
(2) We derive formulas for the importance weighting
with only PU data in the training and test distribu-
tions. (3) We develop a dynamic approach for the im-
portance weighting based on the derived formulas. (4)

We experimentally show that our method outperforms
various PU learning methods.

2 RELATED WORK

Many PU learning methods have been proposed
(Bekker and Davis, 2020; Fung et al., 2005; Hou et al.,
2018; Chen et al., 2020; Luo et al., 2021; Wang et al.,
2023). Early methods used some heuristics to iden-
tify negative data in unlabeled data (Li and Liu, 2003;
Yu et al., 2002). However, the performances of these
methods heavily rely on the heuristic strategy and data
separability assumption, i.e., PN distributions are sep-
arated (Nakajima and Sugiyama, 2023). A represen-
tative approach in recent years has been the empirical
risk minimization-based approach, which rewrites the
risk with PU data and learns classifiers by minimizing
the rewritten risk (Du Plessis et al., 2015; Kiryo et al.,
2017; Du Plessis et al., 2014; Jiang et al., 2023; Zhao
et al., 2022). This approach makes no assumptions
about the data separability (Nakajima and Sugiyama,
2023), has good theoretical properties such as consis-
tency (Du Plessis et al., 2015), and has shown the
state-of-the-art performance (Jiang et al., 2023). Be-
cause of these advantages, the proposed method fol-
lows this approach. However, all these methods as-
sume that the training and test distributions are iden-
tical. Thus, they are inappropriate for our setting.

Distribution shift adaptation or domain adaptation
methods have been proposed to mitigate the gap be-
tween the training and test distributions (Pan and
Yang, 2009; Wang and Deng, 2018; Farahani et al.,
2021). They usually require PN data in the training
distribution, which is different to our setting. One
representative approach is to learn invariant features
to mitigate the distribution gap (Ganin and Lempit-
sky, 2015; Motiian et al., 2017; Saito et al., 2018).
Although this approach is promising, the invariant
features often do not improve the performance since
they do not explicitly minimize the test risk (Zhao
et al., 2019). Another representative approach is the
importance weighting that can adapt to the shift by
explicitly minimizing the test risk (Lu et al., 2022).
Although many two-step methods with importance
weighting have been proposed (Kanamori et al., 2009;
Yamada et al., 2013; Sugiyama et al., 2012), they of-
ten do not work well for complex models and data
(Fang et al., 2020). To overcome this difficulty, Fang et
al. (2020; 2023) have recently proposed a dynamic ap-
proach that iterates the importance weight estimation
and classifier learning, which enables the importance
weighting to work well even in such difficult cases. Our
method is a PU learning extension of this dynamic im-
portance weighting.
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Several distribution shift adaptation methods for PU
learning have been proposed (Sakai and Shimizu,
2019; Nakajima and Sugiyama, 2023; Hammoudeh and
Lowd, 2020). Although most methods that use unla-
beled data in the test distribution assume the shift
type for the adaptation such as covariate shift (Sakai
and Shimizu, 2019), class-prior shift (Nakajima and
Sugiyama, 2023), and positive data shift (Hammoudeh
and Lowd, 2020), the shift type is generally difficult to
identify from unlabeled data in practice. The proposed
method does not require such assumptions because it
uses a few PU data in the test distribution. Although
one invariant feature approach that uses PU data in
the test distribution has been proposed (Sonntag et al.,
2022), it requires PN data in the training distribution.
One method uses PU data in both training and test
distributions like this study (Mignone and Pio, 2018).
However, it is designed for a specific task on link pre-
diction of network data and is rather heuristic. In
contrast, the proposed method is general and based
on the principled importance weighting framework.

3 Preliminary

We briefly review PU learning based on the empirical
risk minimization (Du Plessis et al., 2015; Kiryo et al.,
2017). Let x ∈ X and y ∈ {±1} be the input and out-
put random variables, where X is the input space. Let
p(x, y) be the joint density, pp(x) := p(x|y = +1) and
pn(x) := p(x|y = −1) be the positive and negative-
conditional densities, p(x) = πpp(x) + (1 − π)pn(x)
be the marginal density, and π := p(y = +1) be
the positive class-prior. f : X → R is a deci-
sion function and the predicted label is obtained by
y = sign(f(x)), where sign(·) is a sign function. Let
` : R × {±1} → R≥0 be the loss function, such that
value `(t, y) means the discrepancy between predicting
output t and ground truth label y.

We can learn decision function f by minimizing the
following expected test error, known as the risk:

R(f) := Ep(x,y)[`(f(x), y)]

=πEpp(x)[`(f(x),+1)]+(1−π)Epn(x)[`(f(x),−1)],
(1)

where Ep(z) is an expectation over p(z). This risk de-
pends on pn(x), which is inaccessible in PU learning.
However, since (1− π)pn(x) = p(x)− πpp(x) from the
definition of p(x), we have

(1− π)Epn(x)[`(f(x),−1)]

= Ep(x)[`(f(x),−1)]− πEpp(x)[`(f(x),−1)]. (2)

Plugging it into the second term of Eq. (1), we obtain

R(f) = πEpp(x)[`(f(x),+1)]

+ Ep(x)[`(f(x),−1)]− πEpp(x)[`(f(x),−1)]. (3)

Since this risk does not depend on pn(x), we approxi-
mate it with PU data. We call this risk a PU risk.

Although Eq. (2) is non-negative, when highly ex-
pressive models such as neural networks are used, its
empirical estimate often takes negative values, and it
causes serious overfitting (Kiryo et al., 2017). To avoid
this, the non-negative risk correction such as the ab-
solute value correction (Hammoudeh and Lowd, 2020;
Lu et al., 2020) is commonly applied to the empiri-
cal estimate in PU learning. Specifically, given Np

positive instances {xp
n}N

p

n=1 and N unlabeled instances
{xn}Nn=1, the corrected empirical estimate of the PU
risk in Eq. (3) is described as

R̂(f) =
π

Np

Np∑
n=1

`(f(xp
n),+1)

+

∣∣∣∣∣ 1

N

N∑
n=1

`(f(xn),−1)− π

Np

Np∑
n=1

`(f(xp
n),−1)

∣∣∣∣∣ . (4)

The absolute value function | · | in the second term can
prevent over-fitting by penalizing the risk for being
negative. When large PU data are available (i.e., Np

and N are large), we can obtain an accurate binary
classifier by minimizing this empirical PU risk.

4 PROPOSED METHOD

In this section, we formulate our problem setting (sub-
section 4.1). Then, we derive an importance-weighted
empirical PU risk (subsection 4.2) and an importance
weight estimation method with PU data (subsection
4.3). Lastly, we explain our loss function for classifier
learning with the derived importance-weighted PU risk
and its training procedure (subsection 4.4).

4.1 Problem Setting

Suppose that we are given a set of positive instances
Xp

tr and a set of unlabeled instances Xtr drawn from
the training distribution:

Xp
tr ={xp

tr,n}
Np

tr
n=1 ∼ p

p
tr(x) := ptr(x|y = +1), (5)

Xtr ={xtr,n}Ntr
n=1 ∼ ptr(x)=πtrp

p
tr(x)+(1−πtr)pntr(x),

(6)

where ptr(x) is the marginal density of the training dis-
tribution, pptr(x) and pntr(x) := ptr(x|y = −1) are posi-
tive and negative-conditional densities of the training
distribution, respectively, and πtr := ptr(y = +1) is
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the positive class-prior. Similarly, suppose that we are
also given a set of positive instances Xp

te and a set of
unlabeled instances Xte drawn from the test distribu-
tion:

Xp
te ={xp

te,n}
Np

te
n=1 ∼ p

p
te(x) := pte(x|y = +1), (7)

Xte ={xte,n}Nte
n=1 ∼ pte(x)=πtep

p
te(x)+(1−πte)pnte(x),

(8)

where pnte(x) := pte(x|y = −1) and πte := pte(y = +1).
We assume that PU data in the test distribution are
much smaller than those in the training distribution,
i.e., Np

te +Nte � Np
tr +Ntr. Although we assume that

class-priors πtr and πte are known in this paper as in
(Du Plessis et al., 2015; Kiryo et al., 2017), they can be
also estimated from PU data when they are unknown
(Ramaswamy et al., 2016; Yao et al., 2021).

We consider a situation in which training and test joint
distributions are different, ptr(x, y) 6= pte(x, y), which
is the most general shift form. Our aim is to learn deci-
sion function f that accurately classifies test instance
x drawn from pte(x) by using Xp

tr ∪Xtr ∪Xp
te ∪Xte.

4.2 Importance-weighted PU Risk

In this subsection, to exploit useful knowledge in the
training distribution, we consider approximating the
test risk by the importance-weighted empirical risk
with PU training data. We first consider the risk on
the test distribution:

Rte(f) := Epte(x,y) [`(f(x), y)] , (9)

which is the target to be minimized for learning f
that fits on the test distribution. As shown in pre-
vious studies (Fang et al., 2020, 2023), this risk can be
rewritten as follows,

Rte(f) = Epte(x,y) [`(f(x), y)]

= Eptr(x,y) [w(x, y)`(f(x), y)]

= πtrEpptr(x) [`w(f(x),+1)]

+ (1− πtr)Epntr(x) [`w(f(x),−1)] =: Rw
tr(f), (10)

where w(x, y) := pte(x,y)
ptr(x,y)

is referred to as the impor-

tance weight and we set

`w(x, y) := w(x, y)`(f(x), y). (11)

This equation implies that the risk on the test distri-
bution can be represented as the importance-weighted
risk on the training distribution. Although this risk
depends on negative density pntr(x), by applying the
same procedure in Eqs. (1, 2, 3), it can be rewritten
without the negative density:

Rw
tr(f) = πtrEpptr(x) [`w(f(x),+1)]

+Eptr(x) [`w(f(x),−1)]−πtrEpptr(x) [`w(f(x),−1)] .

(12)

The empirical estimate of this risk with PU data in
the training distribution Xp

tr ∪Xtr is represented as

R̂w
tr(f) =

πtr
Np

tr

Np
tr∑

n=1

`w(f(xp
tr,n),+1)

+

∣∣∣∣∣∣ 1

Ntr

Ntr∑
n=1

`w(f(xtr,n),−1)− πtr
Np

tr

Np
tr∑

n=1

`w(f(xp
tr,n),−1)

∣∣∣∣∣∣ ,
(13)

where we used the absolute value function to prevent
overfitting.

4.3 Importance Weight Estimation with PU
Data

In Eq (13), importance weight w(x, y) = pte(x,y)
ptr(x,y)

re-

mains unknown. In this subsection, we consider esti-
mating it with PU data. A common way for estimat-
ing importance weights is to use density-ratio estima-
tion methods that directly estimate the ratio between
training and test densities from data without density
estimation (Sugiyama et al., 2012; Kanamori et al.,
2009; Huang et al., 2006). However, they are often
unstable since w(x, y) is unbounded, i.e., it takes ex-
tremely larger values around a low-density region of
training data (Yamada et al., 2013; Kumagai et al.,
2021). To evade this problem, instead of w(x, y), we
use the following relative density-ratio as importance
weight,

wα(x, y) :=
pte(x, y)

αpte(x, y) + (1− α)ptr(x, y)
, (14)

where α ∈ [0, 1] is a hyperparameter (Yamada et al.,
2013). wα(x, y) is always bounded above by 1/α, and
it coincides with w(x, y) when α = 0. Thus, wα(x, y)
is a bounded extension of w(x, y). The importance
weighting with the relative density-ratio has shown ex-
cellent performance (Yamada et al., 2013; Sakai and
Shimizu, 2019).

Let m(x, y) ∈ [0, 1/α] be a model such as a neural
network for wα(x, y). Parameters of m(x, y) are de-
termined so that the expected squared error between
true importance weight wα(x, y) and m(x, y) is mini-
mized as in previous studies (Yamada et al., 2013):

J(m) := Epα(x,y)

[
(wα(x, y)−m(x, y))

2
]

= Epte(x,y)
[
αm(x, y)2 − 2m(x, y)

]
+ (1− α)Eptr(x,y)

[
m(x, y)2

]
+ C, (15)

where pα(x, y) := αpte(x, y)+(1−α)ptr(x, y) and C is
a constant term that does not depend on m. Letting
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M(x, y) := αm(x, y)2 − 2m(x, y), we have

J(m) = πteEppte(x) [M(x,+1)]

+ (1− πte)Epnte(x) [M(x,−1)]

+ πtr(1− α)Epptr(x)
[
m(x,+1)2

]
+ (1− πtr)(1− α)Epntr(x)

[
m(x,−1)2

]
+ C. (16)

As before, the second and fourth terms that depend
on negative densities are rewritten as

(1− πte)Epnte(x) [M(x,−1)] =

Epte(x) [M(x,−1)]−πteEppte(x) [M(x,−1)] , (17)

(1− πtr)Epntr(x)
[
m(x,−1)2

]
=

Eptr(x)
[
m(x,−1)2

]
−πtrEpptr(x)

[
m(x,−1)2

]
, (18)

Since M(x, y) = αm(x, y)2 − 2m(x, y), M(x, y) is
greater than −1/α for all x and y; Eq. (17) is greater
than −(1 − πte)/α. However, as in the risk, the em-
pirical estimate of Eq. (17) can take smaller values
and it may causes serious overfitting. To avoid this,
we use function F (z) := |z − c| + c (c, z ∈ R) as the
correction function where c is the lower bound of the
loss (Ishida et al., 2020). When z ≥ c, F (z) returns z.
When z < c, F (z) = 2c − z > c. Thus, this function
can penalize the loss for being smaller than c. Simi-
larly, although Eq. (18) is non-negative, its empirical
estimate can take negative values. We correct this by
applying the absolute value function F (z) = |z| as in
the risk. As a result, our loss function for the impor-
tance weight estimation becomes

Ĵ(m) :=
πte
Np

te

Np
te∑

n=1

M(xp
te,n,+1)

+

∣∣∣∣∣∣ 1

Nte

Nte∑
n=1

M(xte,n,−1)−πte
Np

te

Np
te∑

n=1

M(xp
te,n,−1)+

1−πte
α

∣∣∣∣∣∣
+
πtr(1− α)

Np
tr

Np
tr∑

n=1

m(xp
tr,n,+1)2

+(1−α)

∣∣∣∣∣∣ 1

Ntr

Ntr∑
n=1

m(xtr,n,−1)2−πtr
Np

tr

Np
tr∑

n=1

m(xp
tr,n,−1)2

∣∣∣∣∣∣ ,
(19)

where we omitted constant terms that do not depend
m. By minimizing this loss, we can estimate m(x, y).

4.4 Classifier Loss Function and Training
Procedure

In this subsection, we describe our loss function for
learning f . Specifically, our loss function is a weighted
sum of the empirical PU risk on the test distribution

and the importance-weighted empirical PU risk on the
training distribution:

L̂(f,m) := βR̂te(f) + (1− β)R̂w
tr(f,m), (20)

where β ∈ (0, 1) is a weighting hyperparameter, and
R̂te(f) is the empirical PU risk with Xp

te ∪Xte,

R̂te(f) =
πte
Np

te

Np
te∑

n=1

`(f(xp
te,n),+1)

+

∣∣∣∣∣∣ 1

Nte

Nte∑
n=1

`(f(xte,n),−1)− πte
Np

te

Np
te∑

n=1

`(f(xp
te,n),−1)

∣∣∣∣∣∣ .
(21)

Here, we use Eq. (4) to derive Eq. (21), and explic-
itly describe the dependency of the importance weight
model m in R̂w

tr for clarity.

To calculate R̂w
tr(f,m), the traditional approach is to

first estimate the importance weights and then use
them to calculate the weighted risk (Yamada et al.,
2013; Sugiyama et al., 2012; Kanamori et al., 2009).
However, in this two-step approach, errors in the
importance weight estimation directly propagates to
the subsequent importance-weighted risk calculation,
which degrades the performance of the learned classi-
fiers (Fang et al., 2020; Zhang et al., 2020). To alle-
viate this, Fang et al. (2020; 2023) recently proposed
the dynamic approach that iterates between the im-
portance weight estimation and classifier learning for
ordinary supervised learning.

The proposed method follows this dynamic approach.
Specifically, we assume the following neural networks
for modeling classifiers and importance weights,

f(x) := u(h(x)), (22)

m(x, y) := v([h(x), y]), (23)

where h : X → RK , u : RK → R, and v : RK+2 → R
are neural networks for feature extraction, classifiers,
and importance weights, respectively. Here, we as-
sume that label y ∈ {−1,+1} is represented as one-
hot encoding and [·, ·] is a concatenation. By sharing
feature extractor h for the weight estimation and clas-
sification, we can effectively perform the importance
weighting.

Algorithm 1 shows the training procedure of our
method with stochastic gradient descent methods. We
first randomly sample PU data from the training and
test distributions (Lines 2–3). Then, we calculate the
loss in Eq. (19) for the importance weight estimation
(Line 4) and update parameters of v with the gradient
of the loss fixing feature extractor h (Line 5). We fixed
h to avoid overfitting as in (Fang et al., 2020). Next,
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Algorithm 1 Training procedure of the proposed
method

Require: PU data in the training and test distribu-
tions Xp

tr ∪ Xtr ∪ Xp
te ∪ Xte, mini-batch sizes for

the training and test distributions (Btr, Bte), pos-
itive class-priors (πtr, πte), relative parameter α,
and weighting parameter β.

Ensure: Parameters of neural networks h, u, and v.
1: repeat
2: Sample PU data with size Btr form Xp

tr ∪Xtr

3: Sample PU data with size Bte form Xp
te ∪Xte

{Importance weight estimation}
4: Calculate loss in Eq. (19) on the sampled data
5: Update parameters of v with the gradient of the

loss fixing feature extractor h
{Classifier learning}

6: Calculate the loss in Eq. (20) on the sampled
data with current importance weights

7: Update classifier parameters of u and h with
the gradient of the loss fixing the importance
weights

8: until End condition is satisfied;

by using the current estimated importance weights,
we calculate the loss in Eq. (20) for classifier learning
(Line 6). We update parameters of classifier u and h
by using the gradient of the loss (Line 7). In this step,
we fixed the importance weights to avoid learning a
meaningless model, m(x, y) = 0 for all x and y.

5 EXPERIMENTS

5.1 Data

We utilized four widely used real-world datasets:
MNIST (LeCun et al., 1998), FashionMNIST (Xiao
et al., 2017) (FMNIST), CIFAR10 (Krizhevsky et al.,
2009), and DIABETES (Gardner et al., 2023). MNIST
consists of hand-written images of 10 digits. Each im-
age is represented by grayscale with 28×28 pixels. FM-
NIST consists of images of 10 fashion categories where
each image is represented by gray scale with 28 × 28
pixels. CIFAR10 consists of 32×32 RGB images of 10
animal and vehicle categories. DIABETES is a tabular
dataset used for distribution adaptation studies (Gard-
ner et al., 2023), whose task is to predict whether the
respondent has diabetes or not. Each respondent is
represented as 142 dimensional features. This dataset
has a distribution shift where data from the training
and test distributions are “white non-hispanic” and
other racial groups, respectively.

For MNIST, FMNIST, and CIFAR10, we consider two
types of distribution shifts: The first one is an input-
output relation shift where p(y|x) varies, but the sup-

port of input x does not change between the train-
ing and testing phases. This simulates a situation
where the user’s preferences in, for example, personal-
ized adverting change between the training and testing
phases. The second one is a support shift (Fang et al.,
2023), where the inputs’ support varies between the
training and testing phases. This simulates a situation
where new types of ads presented to the user appear,
for example. Note that no methods use the knowledge
that such shifts have occurred in our experiments.

We describe how to construct the data in the case of
the input-output relation shift. For MNIST, we used
even digits as negative and odd digits as positive in
the test distribution. We flipped digits (0 and 2) and
(1 and 3) in the training distribution (e.g., data with
the digits 0, 2, 5, 7, and 9 are positive in the training
distribution). For FMNIST, following the study (Xie
et al., 2024), we used upper garments (0, 2, 3, 4, and
6) as negative and the others as positive, where num-
bers in parentheses represent class labels, in the test
distribution. We flipped the class labels (0 and 2) and
(1 and 5) in the training distribution. For CIFAR10,
we used the animal categories (2, 3, 4, 5, 6 and 7) as
negative and the vehicles as positive in the test distri-
bution. We flipped the class labels (2 and 3) and (0
and 1) in the training distribution. Next, we describe
how to construct the data in the case of the support
shift. For MNIST, we used digits 0, 2, and 4 (4, 6,
and 8) as negative and digits 1, 3, and 5 (5, 7, and
9) as positive in the training (test) distribution. For
FMNIST, we used class labels 0, 2, and 3 (3, 4, and
6) as negative and class labels 1, 5, and 7 (7, 8, and
9) as positive in the training (test) distribution. For
CIFAR10, we used class labels 2, 3, 4, and 5 (4, 5, 6,
and 7) as negative and class labels 0, 1, and 8 (1, 8,
and 9) as positive in the training (test) distribution 1.

For training in each dataset, we used 1, 000 positive
and 5, 000 unlabeled data in the training distribution
and three types of PU data with different numbers in
the test distribution: (Np

te, Nte) = (10, 50), (20, 100),
and (40, 200). In addition, we used 20 positive and
100 unlabeled data in the test distribution for valida-
tion. The positive class-priors on both the training
and test distributions, πtr and πte, were set to 0.5.
We used 2, 500 positive and 2, 500 negative data in the
test distribution as test data for evaluation. Training,

1These settings are similar to the covariate shift, where
the input distribution can vary pte(x) 6= ptr(x), but the la-
bel distribution given input remains unchanged pte(y|x) =
ptr(y|x) (Shimodaira, 2000). In covariate shift studies, it is
usually assumed that the input support of the test distri-
bution is contained within that of the training distribution
(Zhang et al., 2020; Sugiyama et al., 2008). However, this
assumption may not be satisfied in practice (Fang et al.,
2023). Thus, we considered a more challenging setting.
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Table 1: Average test accuracies over different numbers of PU data in the test distribution: (Np
te, Nte) =

(10, 50), (20, 100), and (40, 200). In the Shift column, ‘IO’ and ‘S’ represent the input-output relation shift and
support shift, respectively. Values in bold are not statistically different at the 5% level from the best performing
method in each row according to a paired t-test.

Data Shift Ours tePU trPU ftPU mtPU mtsPU DAPU UDAPU GIW
MNIST IO 0.7493 0.7371 0.5628 0.6807 0.7115 0.7152 0.7223 0.5499 0.7369

S 0.7339 0.7295 0.5760 0.6808 0.7482 0.7383 0.7536 0.6782 0.7459
FMNIST IO 0.9153 0.8876 0.5851 0.7348 0.8981 0.8972 0.8937 0.7106 0.8728

S 0.9656 0.9609 0.8841 0.9175 0.9547 0.9489 0.9480 0.9398 0.9622
CIFAR10 IO 0.7081 0.6557 0.6603 0.6699 0.6718 0.7033 0.6967 0.6747 0.6970

S 0.8572 0.6633 0.8434 0.8316 0.8092 0.8388 0.8452 0.8477 0.8331
DIABETES 0.7242 0.6016 0.7194 0.7163 0.7142 0.7206 0.7176 0.7206 0.6863

validation, and test datasets did not overlap. We con-
ducted 10 experiments for each type of the number of
PU data in the test distribution while changing the
random seeds and evaluated mean test accuracy.

5.2 Comparison Methods

We compared the proposed method with eight meth-
ods: PU learning method on the test distribution
(tePU), PU learning method on the training dis-
tribution (trPU), fine-tuning method (ftPU), multi-
task learning method (mtPU), multi-task learning
method with a single neural network (mtsPU), do-
main adaptation method for PU learning (DAPU), un-
supervised domain adaptation method for PU learn-
ing (UDAPU), and generalized dynamic importance
weighting method with pseudo PN data (GIW). All
methods including the proposed method used neural
network-based classifiers and the absolute value cor-
rection to prevent overfitting (Hammoudeh and Lowd,
2020; Lu et al., 2020).

tePU and trPU learn the classifier by minimizing the
non-negative empirical risk (in Eq. (4)) with PU
data in the test and training distribution, respectively
(Kiryo et al., 2017). ftPU fine-tunes the classifier
pretrained by trPU by minimizing the non-negative
empirical risk with PU data in the test distribution.
mtPU and mtsPU learn the classifier by minimizing
the weighted sum of the non-negative empirical PU
risks on the training and test distributions. mtPU
used a two-head neural network to deal with the dif-
ference between the training and test distributions.
mtsPU used the single neural network as in the pro-
posed method. The difference between the proposed
method and mtsPU is whether or not the importance
weights are used in Eq. (20). DAPU is a domain
adaptation method for PU learning, which minimizes
the weighted sum of the non-negative empirical PU
risks on both distributions while minimizing the fea-
ture discrepancy to mitigate the distribution gap as

in (Sonntag et al., 2022). We used the maximum
mean discrepancy (MMD) loss (Li et al., 2015) to min-
imize the feature discrepancy, which is commonly used
in domain adaptation studies (Farahani et al., 2021).
UDAPU uses PU data in the training distribution and
unlabeled data in the test distribution. It minimizes
the non-negative empirical PU risk on the training
distribution while minimizing the MMD loss to ob-
tain invariant features. GIW applies the generalized
dynamic importance weighting method, which is de-
signed for ordinary supervised learning (Fang et al.,
2020, 2023), to pseudo PN data in both distributions.
The pseudo PN data were created by applying tePU
and trPU to PU data in both distributions beforehand.
The difference between the proposed method and GIW
is whether the importance weighting and PU learning
are performed simultaneously.

For all methods, the sigmoid loss was used for loss `
as in the previous study (Kiryo et al., 2017). The em-
pirical PU risk with validation data on the test distri-
bution was used to select hyperparameters and early-
stopping to mitigate overfitting. All methods were im-
plemented using Pytorch (Paszke et al., 2017), and all
experiments were conducted on a Linux server with
an Intel Xeon CPU and A100 GPU. The details of
neural network architectures and hyperparameters are
described in Sections C and D.

5.3 Results

Table 1 shows the average test accuracies over differ-
ent numbers of PU data in the test distribution (full
results including the standard deviations are reported
in Section E.4). The proposed method performed the
best or comparably to it in almost all cases (6 out
of 7 cases). tePU and trPU performed worse than
the proposed method because tePU used only a small
number of PU data in the test distribution and trPU
used only PU data in the training distribution, which
is different to the test distribution. ftPU, which is
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Table 2: Ablation study: average test accuracies over
different numbers of PU data in the test distribution:
(Np

te, Nte) = (10, 50), (20, 100), and (40, 200).

w/o w/o w/o
Data Shift Ours 2step IW-C CL-C IWCL-C
MNIST IO 0.7493 0.7195 0.7479 0.6433 0.6506

S 0.7339 0.7378 0.7588 0.6703 0.6728
FMNIST IO 0.9153 0.8998 0.9160 0.8149 0.8130

S 0.9656 0.9625 0.9567 0.8786 0.8816
CIFAR10 IO 0.7081 0.7136 0.7073 0.6900 0.6945

S 0.8572 0.8378 0.8420 0.8322 0.8208
DIABETES 0.7242 0.7211 0.7230 0.7220 0.7101

the fine-tuning method for PU learning, did not work
well. This result suggests the difficulty of fine-tuning
with PU data. mtPU and mtsPU outperformed these
methods by learning with PU data in both distribu-
tions simultaneously. However, since their losses are
not designed for the test distribution, they performed
worse than the proposed method. Although DAPU
and UDAPU aim to mitigate the distribution gap by
learning invariant features, they did not work well,
which suggests that the invariant features do not nec-
essarily guarantee better performance in the test dis-
tribution. GIW, which used pseudo PN data for the
dynamic importance weighting, performed worse than
the proposed method. Since the pseudo PN data in
both distributions were obtained by applying tePU
and trPU to the PU data in advance, they contained
label noise. This noise negatively impacted the sub-
sequent importance weighting. In contrast, since the
proposed method performs the PU learning and im-
portance weighting simultaneously, it robustly worked
well. The result with each number of PU data in the
test distribution was described in Section E.1. The
proposed method worked well on each case.

Table 2 shows the results of ablation studies to in-
vestigate the validity of our framework. ‘2step’ is a
two-step approach of the proposed method that first
performs the importance weight estimation with Eq.
(19) and then learns classifiers with the estimated
weights by minimizing Eq. (20). ‘w/o IW-C’ is the
proposed method without the absolute value correc-
tion for the importance weight estimation in Eq. (19).
‘w/o CL-C’ is the proposed method without the abso-
lute value correction for classifier learning in Eqs. (21)
and (13). ‘w/o IWCL-C’ is the proposed method with-
out the absolute value correction for both the impor-
tance weight estimation and classifier learning. The
proposed method performed better than 2step, which
indicates the effectiveness of our dynamic importance
weighting formulation. Figure 1 shows distributions
of importance weights estimated from the proposed
method and 2step. Although 2step was not able to
estimate the weights correctly, the proposed method
was (i.e., the weights of ‘High’ and ‘Low’ were large
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Figure 1: Importance weight distributions of the pro-
posed method (Ours) and 2step on FMNIST (IO)
when Np

te = 40 and Nte = 200. ‘High’ (blue) repre-
sents data in the test distribution, and ‘Low’ (orange)
represents data that are not in the test distribution.

and small, respectively). The proposed method out-
performed w/o CL-C and w/o IWCL-C by a large
margin, which indicates the effectiveness of the loss
correction in classifier learning. In contrast, it slightly
outperformed w/o IW-C. Since the importance weights
are indirectly related to classification, the effect of the
correction for importance weights may be weaker than
that for classifier learning. Note that the proposed
method without the corrections is also our proposal.

Figure 2 shows the average test accuracies with the
standard errors when changing β, which controls the
effect of the empirical PU risk on the test distribution
and the importance-weighted PU risk on the train-
ing distribution in Eq. (20). When β = 1, it is
equivalent to tePU. When β = 0, it uses only the
importance-weighted PU risk for classifier learning.
For all datasets, the best values of β were within (0, 1),
which indicates the effectiveness of our loss function
(the weighted sum of both PU risks). Although the
best values are different across datasets, our method
was able to select good values using validation data.

The proposed method needs to know class-priors of
the training and test distributions, πtr and πte, for
the importance weight estimation and classifier learn-
ing. Although we evaluated the proposed method with
true class-priors of the datasets in our experiments,
there might be some noise in the class-prior in prac-
tice. Thus, we investigated how the performance of
the proposed method changes when using class-priors
that are different to the true ones for training. Figure 3
shows the results. As expected, the method performed
better when using the class-priors that were close to
true ones (πtr, πte) = (0.5, 0.5) for all datasets. The
difference in the class-prior in the test distribution af-
fected the performance more than that in the class-
prior in the training distribution. This is because the
class-prior in the test distribution is directly related to
classification in the test distribution. In addition, the
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Figure 2: The average test accuracies with the standard errors of the proposed method when changing weighting
parameter β.
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Figure 3: The average test accuracies of the proposed method when changing values of the class-priors used in
the importance weighting and classifier learning. The true class-priors of the datasets are (πtr, πte) = (0.5, 0.5).

proposed method tended to perform better when using
large values of the test class prior (e.g., 0.7) than small
values (e.g., 0.3). This result is consistent with that
in the previous study (Kiryo et al., 2017) and implies
that using a large value of the class-prior in the test
distribution is safer when it is unknown.

6 CONCLUSION

In this paper, we proposed a distribution shift adapta-
tion method for general PU learning, which uses a few

PU data in the test distribution and PU data in the
training distribution. Our method can perform adap-
tation without knowing shift types, which is beneficial
in practice. The experiments show that our method
outperformed various existing PU learning methods.
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A LIMITATIONS

Although the proposed method worked well in our experiments, if data in the test distribution are very small
(e.g., two or three instances), the proposed method will have difficulty performing well since the importance
weighting becomes difficult. However, this difficulty is common in other distribution shift adaptation methods.
To alleviate this problem, one promising research direction is to combine the proposed method with the meta-
learning that can learn how to learn from very small data by using data in multiple related tasks (Hospedales
et al., 2021).

B DIFFERENCES FROM (Sakai and Shimizu, 2019)

Importance weighting has already been used in a PU learning method for covariate shift adaptation (Sakai and
Shimizu, 2019). Here, we explain the difference between this previous method and the proposed method in detail.

First, the previous method assumes the specific shift type, a covariate shift, where pte(y|x) = ptr(y|x) and
pte(x) 6= ptr(x) and cannot be applied to other shift types. In contrast, the proposed method does not assume
shift types and thus can be applied to any shift types, which is the strong advantage in practice since shift types
are generally difficult or impossible to identify.

Second, by assuming the covariate shift, importance weights in the previous method are defined by w(x) =
pte(x)/ptr(x). Since they can be estimated from unlabeled data in the training and test distributions, the previous
method uses the conventional density-ratio estimation methods, and new density-ratio estimation methods were
not proposed in the previous paper. In contrast, in our paper, importance weights are defined by w(x, y) =
pte(x, y)/ptr(x, y). To estimate them from only PU data, we proposed a new density-estimation method in
Section 4.3, which is one of the main contributions of our paper.

Lastly, the previous method uses the conventional two-step approach for the importance weighting, which is
difficult to apply to complex models and data (Fang et al., 2020; Kato and Teshima, 2021; Rhodes et al., 2020).
In contrast, the proposed method develops the dynamic approach for the importance weighting to apply to even
complex models and data.

C NEURAL NETWORK ARCHITECTURES

For MNIST, FMNIST, and DIABETES, a three-layered feed-forward neural network with ReLU activation was
used for feature extractor h. The number of hidden and output nodes was 128 (32) for MNIST and FMNIST
(DIABETES). We used the small node sizes for DIABETES since its feature dimension was small. For CIFAR10,
a convolutional neural network, which consisted of two convolutional blocks followed by a two-layered feed-forward
neural network, was used for feature extractor h. The first (second) convolutional block comprised a 6 (16) filter
5× 5 convolution, the ReLU activation, and a 2× 2 max-pooling layer. The numbers of the hidden and output
nodes were 120 and 84, respectively. One-layered and two-layered feed-forward neural networks were used for
u and v, respectively. For the output activation of v, we used 1

ασ(·), where σ is a sigmoid function, to match
the value range of the relative density-ratio (importance weights). For all comparison methods, the same neural
network architecture (i.e., u(h(x))) was used for the classifier. For GIW, the architecture of v was also the same
as that of the proposed method. For mtPU, two different classifier heads (i.e., u) were used for the training and
test distributions.

D HYPERPARAMETERS

For all methods, the empirical PU risk with validation data on the test distribution was used to select hyperpa-
rameters and early-stopping to mitigate overfitting. For the proposed method and GIW, relative parameter α
was selected from {0.1, 0.5, 0.9}. For the proposed method, GIW, mtPU, mtsPU, and DAPU, weighting param-
eter β was selected from {0.1, 0.3, 0.5, 0.7, 0.9}. Note that the proposed method, GIW, mtPU, and mtsPU are
equivalent to tePU when β = 1.0. For DAPU and UDAPU, the MMD loss was applied to h(x). The number
of RBF kernel mixtures was set to 5 as in the previous study (Li et al., 2015). The weighting parameter of the
MMD loss was chosen from {1, 10−1, 10−2, 10−3}. The mini-batch sizes for the training and test distributions,
Btr and Bte, were set to 256. For all methods, we used the Adam optimizer (Kingma and Ba, 2014). We set
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Figure 4: The average test accuracies with the standard errors of the proposed method when changing the
number of PU data in the test distribution.

the learning rate to 10−4 and 10−3 for classifier learning and importance weight estimation, respectively. The
maximum number of epochs was 200. All methods were implemented using Pytorch (Paszke et al., 2017) and
all experiments were conducted on a Linux server with an Intel Xeon CPU and A100 GPU.

E ADDITIONAL EXPERIMENTAL RESULTS

E.1 Results with Different Numbers of PU Data in the Test Distribution

Figure 4 shows the average test accuracies with the standard errors when changing the numbers of PU data
in the test distribution. As the number of PU data in the test distribution increased, the performance of the
proposed method improved. The proposed method tended to outperform the others across different numbers of
PU data in the test distribution.

E.2 Dependency of Relative Parameter α

Figure 5 shows the average test accuracies with the standard errors when changing relative parameter α in
importance weight estimation in Eq. (14). Although the best values are different across datasets, the performance
differences between different values of α were not significant. This result suggests that the proposed method was
relatively robust against the value of α.

E.3 Class-prior Estimation Results with PU Data

The proposed method assumes the availability of class-prior information πtr and πte. When they are unavailable,
we must estimate them from PU data. Thus, we investigated the estimation performance for both πtr and πte.
In this experiment, we used a kernel embedding-based class-prior estimation method (Ramaswamy et al., 2016)
with FMNIST. In addition, to estimate πte, we used both training and validation PU data in the test distribution
to improve the performance. Note that the number of validation PU data was also small. In this dataset, the
true class-prior of πtr and πte was 0.5. Tables 3 and 4 show the results. Since there are many PU data in
the training distribution, the estimated πtr was accurate. As for πte, when the number of PU data in the test
distribution is very small, the estimated πte was a bit inaccurate compared to the case of πtr. However, the
estimation performance improved as the number of PU data increased, even with a small amount of PU data.
Since we used one class-prior estimation method in this experiment, using other methods may lead to more
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Figure 5: The average test accuracies with the standard errors of the proposed method when changing relative
parameter α.

Table 3: Class-prior estimation performance on the training distribution with FMNIST.

Shift IO S
Estimated πtr 0.524 0.498

Table 4: Class-prior estimation performance on the test distribution with FMNIST.

Shift IO IO IO S S S
(Np

te, Nte) (10, 50) (20, 100) (40, 200) (10, 50) (20, 100) (40, 200)
Estimated πte 0.360 0.414 0.431 0.390 0.419 0.449

accurate estimation performance. Developing an accurate class-prior estimation method from a few data is one
of the important research directions.

E.4 Results with Standard Deviations

Table 5 shows the average test accuracies with the standard deviations over different numbers of PU data in the
test distribution.

E.5 Computation Cost

Table 6 shows the training time of the distribution shift adaptation methods including the proposed method with
MNIST(IO) when Np

te = 40 and Nte = 200. We used a Linux server with 2.20Hz CPU. Our method’s training
time was about the same or slightly longer than the other methods. This result indicates that the proposed
method is practical in terms of computation costs.

E.6 Results with the FoodStamp dataset

We additionally evaluated the proposed method with the FoodStamp dataset, which is a real-world tabular
dataset used for recent distribution shift adaptation studies (Gardner et al., 2023). The task of this dataset
is to predict whether an individual is receiving food stamps. The feature dimension is 239. The distribution
shift occurred due to the different geographic regions in which individuals live. In this experiment, weighting
parameter β was selected from {0.0, 0.1, 0.3, 0.5, 0.7, 0.9} with validation data. Table 7 shows the average test
accuracies over different numbers of PU data in the test distribution. The proposed method performed well.
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Table 5: Average test accuracies and their standard deviations over different numbers of PU data in the test
distribution: (Np

te, Nte) = (10, 50), (20, 100), and (40, 200). In the Shift column, ‘IO’ and ‘S’ represent the
input-output relation shift and support shift, respectively.

Data Shift Ours tePU trPU ftPU mtPU
MNIST IO 0.7493(0.053) 0.7371(0.043) 0.5628(0.009) 0.6807(0.052) 0.7115(0.080)

S 0.7339(0.038) 0.7295(0.046) 0.5760(0.021) 0.6808(0.048) 0.7482(0.046)
FMNIST IO 0.9153(0.034) 0.8876(0.037) 0.5851(0.018) 0.7348(0.066) 0.8981(0.038)

S 0.9656(0.013) 0.9609(0.023) 0.8841(0.023) 0.9175(0.045) 0.9547(0.020)
CIFAR10 IO 0.7081(0.038) 0.6557(0.069) 0.6603(0.032) 0.6699(0.033) 0.6718(0.072)

S 0.8572(0.017) 0.6633(0.066) 0.8434(0.017) 0.8316(0.022) 0.8092(0.079)
DIABETES 0.7242(0.011) 0.6016(0.067) 0.7194(0.010) 0.7163(0.013) 0.7142(0.041)

Data Shift mtsPU DAPU GIW UDAPU
MNIST IO 0.7152(0.057) 0.7223(0.058) 0.7369(0.055) 0.5499(0.030)

S 0.7383(0.025) 0.7536(0.034) 0.7459(0.040) 0.6782(0.040)
FMNIST IO 0.8972(0.053) 0.8937(0.062) 0.8728(0.044) 0.7106(0.079)

S 0.9489(0.019) 0.9480(0.023) 0.9622(0.019) 0.9398(0.020)
CIFAR10 IO 0.7033(0.042) 0.6967(0.039) 0.6970(0.035) 0.6747(0.037)

S 0.8388(0.019) 0.8452(9.017) 0.8331(0.023) 0.8477(0.018)
DIABETES 0.7206(0.013) 0.7176(0.013) 0.6863(0.059) 0.7206(0.012)

Table 6: Training time [s] of the proposed method with MNIST(IO) when Np
te = 40 and Nte = 200.

Ours mtPU mtsPU DAPU UDAPU GIW
244.57 218.36 214.72 232.67 230.90 242.34

Table 7: The average test accuracies over different numbers of PU data in the test distribution on FoodStamp.

Ours tePU trPU ftPU mtPU mtsPU DAPU UDAPU GIW
0.7092 0.5757 0.7045 0.6987 0.6370 0.7075 0.7066 0.6930 0.6948
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